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ABSTRACT

Sub-millimeter microscale machines capable of navigating inaccessible spaces and remote
locations are steadily approaching reality, with a rich literature emerging on externally actuated
and supervised agents. In comparison, progress is slow towards autonomous, intelligent microscale
agents. This thesis builds towards fundamental aspects of this pursuit, tackling unanswered
questions in robotic functionalities, fabrication techniques, applications, and control. Specifically,
(1) I expanded upon the cleanroom-free autoperforation technology to allow facile metal patterning
on 2D material surfaces, with which I fabricated mobile electronic microparticles; (ii) Based on
experimental observations of autoperforated micro-architectures, I designed and theoretically
validated an electrical circuit which integrates real-time access to memory, sensing, and actuation
with compatibility to additive technologies and materials as well as significantly reduced design
complexity; (iii) I built an in silico modeling toolbox which predicts the performance of a user-
defined glucose-responsive insulin (GRI) in animals and humans. I demonstrated the model’s
applicability to aiding the design of microrobotic delivery and monitoring systems circulating in
the human body, as well as to the investigation of the unsuccessful clinical translation of a
unimolecular GRI; (iv) Lastly, I explored the collective intelligence in the form of emergent self-
oscillation, among a group of simple, unassuming microparticles. I studied the counter-intuitive
order arising from intentional breakage of the collective’s symmetry, and harnessed the stable
periodic mechanical motion for the generation of oscillatory electrical currents as well as cyclically

driving microrobotic loads. These advances pave the way towards microscale machine intelligence



— either through on-board integration of functionalities or through collective behavior — which

enables sophisticated microrobotic tasks without external supervision or manipulation.

experiments & simulation of
AUTONOMOUS MICROSCALE ROBOTS
I I I I
/TN

FUNCTIONALITIES ~ \{| 4 FABRICATION CONTROL

A
@ timing &% sensing ®\ v &%

\
memory é(l) actuation @ (1)(1) y N @, ,_/ {__—)

Thesis Supervisor: Michael S. Strano

Title: Carbon P. Dubbs Professor in Chemical Engineering



ACKNOWLEDGEMENTS

I have heard many state that obtaining a PhD degree has been the most difficult thing they have
done, but I cannot say that was my personal experience here at MIT — not because my PhD journey
has been without challenges (far from it, in fact), but because I am tremendously fortunate to have
many wonderful mentors, friends, and family who made my five years in graduate school very

enjoyable and rewarding.

First and foremost, I owe my deepest gratitude to my thesis advisor, Prof. Michael Strano, whose
passion and vision for science are unparalleled. I am time and again amazed by his breadth and
depth of knowledge, by his out-of-the-box way of ideation and problem-solving, and by his
leadership which created a lovely environment in the group with intellectual freedom and a culture
for teamwork and collaboration. I am confident to say that I have grown significantly
professionally and personally working with him, and what I learned from him has transformed me
and shaped who I am today. I would also like to thank my thesis committee members, Profs. Daniel
Anderson, Jeehwan Kim, and Todd Murphey, for the guidance and wisdom along the way. The
opportunity to discuss my work with such a panel of world experts has truly been wonderful. The
insights and feedback from their diverse range of perspectives have been extraordinarily valuable

to my thesis.

Throughout my PhD I have had the honor to work with many a great scientist in many a research
domain. I am thankful for my MURI collaborators, Profs. Dana Randall, Andrea Richa, Daniel
Goldman, and Jeremy England, as well as their gifted students Joshua Daymude and Shengkai Li,
among many others. [ am particularly thankful for my experience working together with Thomas
Berrueta, with whom I formed a true 1 + 1 > 2 collaboration in spite of our vastly different
backgrounds and domains of expertise. My theoretical projects on GRI modeling would not have
been possible without the expert advice from Profs. Michael Weiss, Faramarz Ismail-Beigi, and
Alan Cherrington. Outside of work, I am also indebted to Prof. Charles Cooney, my co-TA
Anirudh Nambiar, and my students for a fulfilling experience teaching 10.490. I have the utmost
respect for Prof. Cooney’s dedication to the education of the next generation of chemical engineers,

as well as his antique cartograph collection. I have also found my Communication Fellow and



Teaching Development Fellow roles extremely rewarding thanks to Caitlin Stier, Diana Chien,

and Benjamin Hansberry.

My talented colleagues in the Strano Research Group have always supported and inspired me. In
particular, I would like to thank Ge Zhang, the brilliantly intelligent and humorous desk clump
mate whose camaraderie [ will always cherish; Albert Liu, a dear friend, collaborator, and mentor
to whom I look up; Volodymyr Koman (Olya, Ezra, and Brielle) and Matthias Kuehne
(Dominique), excellent scientists and role models to whom I am grateful for our deep, intellectual
conversations; Pingwei Liu, Xun Gong, and Naveed Bakh, who selflessly showed me the ropes at
the early stages of my PhD; Allan Brooks and Sungyun Yang, with whom I have the special bond
working in the cleanroom together with the bunny suits on. My PhD would have been a lot duller
if not for the remarkable friendship with Leslie Cui and Cindy Jin, the scary but fun outdoor
adventures and food-coma-inducing dinner parties with whom I will never forget. It has been a
great pleasure to get to know and work with amazing visiting scholars and postdocs such as Prof.
Mahesh Kumar, Yuwen Zeng, Guangwei He, Yu-Ming Tu, Hyunah Kim, Ivy Dong, Sooyeon Cho,
Dorsa Parviz, Daichi Kozawa, Pavlo Gordiichuk, Takeo Ichihara, Sylvia Li, Manki Son, and Cody
Ritt; fellow graduate students Zhe Yuan, Kevin Silmore, Daniel Lundberg, Minkyung Park,
Tedrick Lew, Thomas Porter, Michelle Quien, Nathan Stover, Gabriel Sanchez, Hohyung Kang,
Mike Lee, Ananth Govind Rajan, Cache Hamilton, Anton Cottrill, Daniel Salem, Amandine Ucko,
among others; administrators Brenda Pelletier and Aylin Temeloglu; as well as my UROP Allison

Wang.

I am very grateful to my many friends made before and during my time at MIT. I owe special
thanks to Zhenshu Wang and Nian Liu, for their most sincere friendship and most altruistic support;
Liang-Hsun Chen, Srinivasa Pujari, Chun Man Chow, Xiaorui Dong, and Qihui Qian, whose
dedication and diligence always inspired me; Yi Ren Sng, my travel companion; Chuliang Song
and Jingtian Chen, my dependable buddies who are always there when I need someone to talk to;
Qi He, Chin-Chia Hsu, Tzyy-Shyang Lin, Kuangye Lu, Haoran Cai, Siyu Chen, Yiwen Huang,
and Wenjie Wang, for the trips we went on, games we played, and meals we shared; Sarah Young,
George Fei, and Monica Agrawal, whose cheerfulness and optimism are ever contagious;
Kashmira Jirafe, Min Lim, Rongjia Chang, and Erickson Tjoa, who, despite the great distance

from me, remain my close friends. I owe my unforgettable Practice School experience to Bridget



Derksen, Michael Pan, Venkat Tirumala, Cameron Halliday, Yohanes Agustinus, Tanvi Kulkarni,
as well as the station directors Brian Stutts and Doug Harrison. I am grateful to Profs. Le Yu,
David Lou, and Mary Chan for sparking my interest in scientific research as an undergraduate,

without whom I would not have come to MIT.

I cannot begin to express my amount of gratitude to my loving family. Being away from home for
over a decade, I never have had enough in-person time with my parents, especially since the
beginning of the pandemic. Despite the distance, my parents have always supported me
unwaveringly. They may not understand everything I work on, but never for a minute stopped
believing in me, for which I am grateful. Finally, it was at MIT where I got to know and grew close

to the magnificent Joy Zeng. I am fortunate to have her in my life.



RESEARCH OUTPUTS from THIS THESIS

Parts of this thesis were published, or will be published, as follows:

Chapters 1 and 2:

Jing Fan Yang, Pingwei Liu, Volodymyr B. Koman, Albert Tianxiang Liu, and Michael S. Strano.
2019. “Synthetic Cells: Colloidal-Sized State Machines.” Pp. 361-86 in Robotic Systems

and Autonomous Platforms. Elsevier.

Albert T. Liu*, Jing Fan Yang*, Lexy N. LeMar, Ge Zhang, Ana Pervan, Todd D. Murphey, and
Michael S. Strano. 2021. “Autoperforation of Two-Dimensional Materials to Generate

Colloidal State Machines Capable of Locomotion.” Faraday Discussions 227:213-32.

(* Equal contribution)

Chapter 3:

Jing Fan Yang, Albert Tianxiang Liu, Thomas A. Berrueta, Ge Zhang, Allan M. Brooks,
Volodymyr B. Koman, Sungyun Yang, Xun Gong, Todd D. Murphey, and Michael S.
Strano. 2022. “Memristor Circuits for Colloidal Robotics: Temporal Access to Memory,

Sensing, and Actuation.” Advanced Intelligent Systems 4(4):2100205.

Chapter 4:

Jing Fan Yang, Xun Gong, Naveed A. Bakh, Kelley Carr, Nelson F. B. Phillips, Faramarz Ismail-
Beigi, Michael A. Weiss, and Michael S. Strano. 2020. “Connecting Rodent and Human
Pharmacokinetic Models for the Design and Translation of Glucose-Responsive Insulin.”

Diabetes 69(8):1815-26.

Chapter 5:

Jing Fan Yang, Sungyun Yang, Xun Gong, Naveed A. Bakh, Ge Zhang, Allison B. Wang, Michael
A. Weiss, and Michael S. Strano. 2022. “In silico investigation of the clinical translatability

of competitive clearance glucose-responsive insulins.” In preparation.

Chapters 6 and 7:




Jing Fan Yang*, Thomas A. Berrueta®*, Allan M. Brooks, Albert Tianxiang Liu, Ge Zhang, David
Gonzalez-Medrano, Sungyun Yang, Volodymyr B. Koman, Pavel Chvykov, Lexy N.
LeMar, Marc Z. Miskin, Todd D. Murphey, and Michael S. Strano. 2022. “Emergent
Microrobotic Oscillators via Asymmetry-Induced Order.” arXiv: 2205.09814. Nature

Communications.

(* Equal contribution)



TABLE of CONTENTS

Chapter 1:

Introduction

1.1.  Introduction to MiCrOSCAle RODOTICS c..uunueeeeeeeeieeeeee e e e a e 18
1.2.  Thesis Organization and OVEIVIEW .........cccuieeiuiieriiieeeieeesieeesieeesereeesseesssseesssseessseeessseeenns 21
1.3, RETEIEICES ..ot e e e e e e et e e e s e e e e e aaeaaaaeeeeeeeeaaanaaeseaeaeees 24
Chapter 2:

Autoperforation of 2D materials as a cleanroom-free integration
platform for electronic microscale machines

2010 ADSITACE ettt ettt e bt et eeh e e e b e e eateeeeas 29
2.2.  Introduction to AUtOPETTOTATION ....ccuveeeiiieeiieeeiieeeieeeeiee et e e e e e et e e sreeesreeesnreeenaseeens 30
2.3.  Autoperforation-Compatible Metal Patterning ............ccocceevevieiieeiiienieecieenieeie e 32
2.4. Autoperforation for Integration of Electronic Memory .........ccceevevveeriieenieesiieesieeeieeene 33
2.5.  Applications DemONSLrated .........cceeriiiiiieiiieiieeie ettt 36
2.6, RETETENCES ...ttt sttt ettt et sttt ettt 37
Chapter 3:

On-board temporal access to memory, sensing, and actuation via a
simple memristor array

Bl ADSITACE .ttt ettt et b et e e h ettt e et et ennes 41
3.20 INIOAUCTION 1.ttt sttt sttt ettt et s bt et et sae e b ennes 42
3.3.  Colloidal Robotics Based 0n MemIiStOTS. ......ccueruierieiierieiinieriieieeiiesieeie et 44
3.4, On-Board TImME AWATCINESS ......cccueeriieiiieiieeieerieesteesteeeteesttesteebeesnseesseesnseenseesnseesseesnseans 45
3.5. Detecting and Timestamping a Rare Event............cccoccoiiiiiiiiiiiiiiiieeeeeee 48
3.6. Extension to Multivariable SenSINg .........cccccecvviieiiieeiiieeiiieeieeee e 50
3.7. Feedback-Controlled Autonomous Drug DeliVery ........cccceeviieeriieeiiiecieecee e 53
3.8, DISCUSSION ettt ettt ettt ettt ettt et e sat e et esb e et e e s bt e esbeesbeeeabeesbaeeabeenbeesabeenaaeens 57
3.9, Appendix A: MEthOdS .....cooviiiiiiiiiiiecie ettt e eaeens 61



3.9.1. Simulation of a Discrete 1D MemIiStOr ATTAY .......c.cecveeruieriieriieniieniereeseeseeeeeeeeereesieesseenes 61

3.9.2. Simulation of a Continuous 1D MemIiStOr ATTAY........cccueeecieeeriierieerrieeneeeereeereeeereeereeenes 62
3.9.3. 2D Memristor Array SimULAtiON ........ceccvierierieiieiieeieesteesieeseessesreesseesseesseesseessessssesssesssenns 64
3.9.4.  Pharmacokinetic and Circuit Simulations of Glucose-Responsive Insulins.............c.cccveenue.e. 68
3.9.5. Spatiotemporal Simulations of a Microrobotic GRI Swarm..........c.cceecveevevieecieenieecciieeeeenee, 72
3.10. Appendix B: Supplementary Simulations and Analyses..........ccccccvevvierieriieenieniieeniennens 74
3.10.1. Nondimensionalized Model of the 1D MemriStor Array........c.cccceeeveevreerreereeseennesveeveeneenns 74
3.10.2. 2D Memristor Array with a Transmission LiNe..........ccceccvevierierieicieeciieiieienieesee e see e 75
3.10.3.  Further Analyses of Application-Specific Temporal Resolution Constraints......................... 78
3.10.4. Overview of Additive Fabrication of MemriStor ATTaYS ........c.cccvevreerreereerverrenrenreeveeseenns 80
3.11. Appendix C: Supplementary FIGUIES ..........ccciiiiiriiiiiiiiiiieiieeieeieeree et eae e 81
3120 RETRICIICES ..ottt ettt sttt et e b e sb et e ate bt et et e b ennes 86
Chapter 4:

Connecting rodent and human pharmacokinetic models for the
design and translation of GRIs

A0 ADSITACT .ottt ettt ettt et st a et e ent e beenteeaten 102
4.2, INEFOAUCTION .outiiiiiieiiecit ettt ettt sttt et sb e et st e s bt e beeanesbeebesaeens 103
4.3. Research Design and Methods ...........ccocuieiiiiiiiiiiiiicie e 105
4.3.1.  Modeling the Full-Body Glucoregulatory System..........ceccveeueeiiierienieniieieeieeieesee e 105
4.3.2. Modeling the GRI ........cooouiiiiiicieceeee et bre s ab e e e baeessbeeesbeeenens 108
4.3.3. Simulating GRI N @ ClaMP.....cc.cecviiiieiieieeiieiesiesre e ere et esreesteeseeeseaeseveesbeesseesseesseesseens 109
4.3.4.  Elucidating the GRI Design SPace..........cccvvevirrrieriieriienieiieeie e et eieeseeseeesseeseeessaesnsesnseenns 109
A4, RESUILS ..ottt ettt ettt ettt ebee e 110
4.5, DISCUSSION ..cuutiiiieiitieitie ettt ettt ettt et e st e et e it e e bt e sht e e bt e sbbe et e e saeeeabeesabeenbeesnbeenseeneee 114
4.5.1. Model-Aided GRI DESIZN........ciiciiiiiiieiiieeieeeite et esteeeee e e st eesebeeebeeeseaeesseeessseesssaeanns 115
4.5.2. Model-Aided GRI Translation ............ccooeiiereriiieneneeesie et 117
4.6.  Outlook and SUMMATY ........cceiiiriiiiiiiieet ettt 120
4.7. Appendix A: Animal Preparation, Care, and Data Collection ...........cccceveevericnennicnnns 121
4.8. Appendix B: Mathematical Model Setup .........ccceeviieeiiieeiiiecieecee e 122
4.9. Appendix C: Supplemental FIGUIES .........cccciiiiiiiiiiieeiieeeieecee et e 129
410, RETEIEICES ..cuveeiiiiiieiiieete ettt sttt ettt sat e et e st ebeesabeebeenaee 133

10



Chapter 5:

In silico investigation of the clinical translatability of competitive
clearance glucose-responsive insulins

S L0 ADSITACE oottt ettt sttt 141
5.2, INEOAUCTION ..eiiueiiiiiiieciee ettt ettt e et e et e e etaeeeaaeeesseeessseesssaeesssaeesssaeensseens 142
5.3.  Research Design and Methods ...........oocoiiiiiiiiiiiiiiee e 145
5.3.1. Mechanistic Model of Competitive Clearance GRIS ...........ccccceeeviiiiciiieniiecieecee e 145
5.3.2.  Full-Body Physiological Model of the Glucoregulatory System.........c.cccceeveerierrerrenenenne. 147
5.3.3.  Model Expansion for Minipig SImMuUlation ............ccceevverieerieerieerieeneeseesee e sreeseeseesseenenns 148
5.3.4.  Addressing Key Distinctions between MK-2640 and RHI.............ccocooiiiiiiiiiiiiniee, 149
54, RESULLS ..ottt ettt et bttt e st aeas 151
5.5, DISCUSSION .uutiiiiieiiteite ettt ettt ettt ettt et ettt e e sabe e bt esab e et e e ssbeebeesabeenbeenseeeanees 159
5.5.1.  Analyzing Root Cause(s) of the Poor Translatability ..........cccccceeeviecrieviienienienie e e, 159
5.5.2.  Validating the Hypothesis of a Responsive Local PK ..........cccccoeeviviiriiniieniienienieeieeeeee, 161
5.5.3. Visualizing the Glucose-GRI Landscape for Competitive Clearance...........ccccceeveeeeveeennnenn. 162
5.5.4.  Exploring the GRI Design Space for Better-Performing Candidates ............ccccceeeveeveeenennnn. 163
5.6.  Outlook and SUMMATY ......cceieiiiiiiieiiierie ettt ettt ettt ebe et e ebeesteeesbeenseesnseenseas 164
5.7. Appendix A: Mathematical Treatment of MK-2640’s Reduced IR Affinity ................... 166
5.8.  Appendix B: Supplemantary Tables and Figures..........cccccoceeveriiniiiininienincnieicnes 169
5.9, RETEICICES ...veiiiiiiiiee ettt et e et e et e et e e e aaeeesbeeeaaeeeraeeeraeeeareeas 177
Chapter 6:

Emergent low-frequency self-oscillation in the microscale and its
application as an autonomous oscillatory microgenerator

0.1, ADSIIACE .ottt ettt ettt be et st 186
6.2, INITOAUCTION ...ttt ettt ettt et e st e et e sabeenbeesneeenneas 187
6.3. Emergent Low-Frequency OScillation ............ccccoceiiiiiiiiniiiiniiniciecicecceecseeeene 188
6.4. Persistent Periodicity via Symmetry-Breaking ...........ccoeevveeiiiieiiieeieeeeeeee e 192
6.5.  Self-Oscillating MICTOZENETALOTS ......cccuvreerirreeirieeeiieeetieesieeesreeesreeessseessseesseeessseeesseens 199
0.6, DISCUSSION ..utiiniiiiiieiie ettt ettt ettt et e it et e sat e et e e sabeeabeessbeebeesabeenbeenseeeabees 202
6.7.  Appendix A: MEthodS ......cceieiiiiiiieiieiecee ettt 202



6.7.1.  Fabrication and Liftoff of Microparticles ............ccccerieriiiiiiniiiiieeeeeesee e 202

6.7.2. Experimental Characterization of Beating Behaviour ............cccoecvveviiiiciienieeeie e 203

6.7.3.  Phase and recurrence analyses of particle beating ...........ccccceevveeviieviievieneenieneecee e 204

6.7.4.  Fabrication and Characterization of MiCroactuators..........ccceeeeruererieriereerienieneeneeeieeeeneeane 206

6.7.5. Actuation Analysis Of MICIOACTUALOTS .......cccueeeiuiieriieeiieeiieeeiieeieeesreeesieeesveeereeeeneessreeanns 207
6.8. Appendix B: Note on Microelectronic Low-Frequency Oscillators ..........c.cccceeeuveenneenee.. 207
6.9. Appendix C: Note on the Fuel Cell’s Open-Circuit Voltage .........ccccceeevvevveeiienneenneenen. 208
6.10. Appendix D: Note on the Energy EXpenditure ............cccccoevieniieiiieniieiieniecieeeeeeeen 209

6.10.1. Energy Conversions of the Mechanical Oscillation.............cceccvevieriieriieniiencieneeeeieeieeenn 209

6.10.2. Energy Conversions of the MICIOZENEIatOrS. .......cecueerveereeruierieeieeieeieesteesieeseeeseeeseeeeneeeneeas 210
6.11. Appendix E: Supplementary FIGUIES ........ccccoooiiiiiiiiiiiieeiiecieeceeeee e 211
0.12. RETEIEIICES . .veiiieiiiieiie ettt ettt et sttt et e bt e saeeeaees 218
Chapter 7:

Mechanistic modeling of the emergent microrobotic oscillators

2 T N s 1 5 - Tt AU RSOSSN 226
7.2.  Calculation of the Interfacial Profile............ccocuiioiiiiciiiiciice e 227
7.3.  Global and Local INtEractions ...........cccueeuieiiiiiiiinieeieeie et 228
7.4. Reaction Kinetics for O2 Generation..........cocueiiieriiiiieniieieesie et 230
7.5. Comparison between Mechanistic Model Simulations and Experiments......................... 234
7.6, RETEIEIICES . ueeiiiiiiiiiiieee ettt ettt ettt e st eaees 237

12



LIST of FIGURES

Figure 1-1. Roadmap of microscale TODOLICS. . ....ccviieriiieiiieeiie et 19

Figure 1-2. Comparison between a “marionette” and an autonomous 1obot............ccceeeeuveerneenne 20

Figure 1-3. Unified vision of an autonomous microrobotic delivery and monitoring system and
its relation to the building blocks constructed within our research group and by our

COl1aborators 1N TECENLE YEATS. .....eeviieiieeiiieiie et tie ettt ettt e st e s e eee e ens 21
Figure 1-4. Graphic visualization of the thesis’ organization and the topic of each chapter........ 21
Figure 2-1. Autoperforation 0f 2DIMS.......ccciiiiiiiiiiiiieie et 31
Figure 2-2. Inversion molding technique for metal-patterned autoperforated cells. .................... 33
Figure 2-3. Superimposed images of sequential frames show the locomotion of two mobile
Pt/graphene micropartiCles. ..........oovuiiiiieiiiiiiieieee e 33
Figure 2-4. Memristive properties and demonstrated applications of autoperforated electronic
PATTICIES .. ettt ettt ettt ettt ettt e et e et e s st e et e e e nte e b e e saeenbeeneeenbeesaeeareas 35
Figure 3-1. Autonomous excursion time tracking with an onboard memristor array................... 47
Figure 3-2. Proof-of-concept demonstration of pipeline leak detection.. .......c..cccceevuerieneriennnene. 50
Figure 3-3. Multivariable sensing for a continuous concentration 10gger. .........c.ccecevvereruennnene. 52
Figure 3-4. Demonstration of a microrobotic glucose-responsive insulin with electronic feedback
COMETOL. 1ottt ettt b e sttt et 55
Figure 3-5. Schematic of the simulation of a continuous 1D memristor array fabricated by laying
a continuous phase of memristive ink between two conductive surfaces................... 63
Figure 3-6. Calibration of a 2D mMEMIISTOTr QITAY. ..ccevveeeriieeriiieeiieeeireeeieeesieeenreeesireeeaeeesaneenns 68
Figure 3-7. Workflow of determining the optimal circuit parameters from predicted GRI
PEITOTINANCES. . .euvtieeiiiieeiiee ettt eeiteeette et e et e et e e e teeeeteeeesaeesnseeesseeesseeensseesnsseesnseens 71
Figure 3-8. Schematic of PAMERAH’s physiological model...........c.ccccoveeiiiieiiieeiiecieeeeee 72
Figure 3-9. Simulated final memristor states of a 2D memristor array powered by a transmission
LI ettt et st 78
Figure 3-10. Resolution of a continuous 1D memriStor array. ..........ccceeeeeereeerieesieenieeneeseeeneeen 80
Figure 3-11. Proposed experimental implementation of the memristor array by autoperforation.
..................................................................................................................................... 81
Figure 3-12. The 1D memristor array records time exactly how a Galileo thermometer records
EEIMPETATULE. ..eeuttieiiiieeeiiee ettt ettt ettt ettt e et e et e e ettt e sttt e sabeeeabbeesabeeesabeeesabeeenaneens 82

Figure 3-13. States of a 2D memristor array at # = 20min simulated with a coarse and fine degree
of branch discretization with a resolution (Ay) of 0.25 and 0.125um, respectively. .. 82
Figure 3-14. States of a 2D memristor array at t = 20min simulated with a simulation boundary at

X =100pm and X = SO, ....eoeiiiiiiieiieeie ettt ettt et e et esbeesaeesnbeenseeensaens 83
Figure 3-15. States of a 2D memristor array at # = 40min responding to a constant and a linearly
TAMPING PIOTILC. ..ttt ettt ettt et e e e e naeeaeees &3

Figure 3-16. States of a 2D memristor array at = 40min responding to analyte concentration
profiles with a smooth pulse, an abrupt pulse, two closely spaced smooth pulses, and
two closely spaced abrupt PUlSES. ......c.ceeuieriiiiiiiiiiieiiee et 84

13



Figure 3-17. Progression of the spatial distribution of insulin released over time by a swarm
of 100 microrobotic GRIs with a [G]m of 225 mg/dL in response to the glucose

distribution shown in Figure 3-4E. ........cccooiiiiiiiiiiie e 85
Figure 4-1. Schematic of the model Structure..............ccceeeiieiieniienieeieeee e 107
Figure 4-2. Blood glucose responses in rodents to a single insulin injection. ............c..ccceeunee... 111

Figure 4-3. Glucose clamp results simulated by PAMERAH as compared to experiments....... 113
Figure 4-4. Exploring the optimal combinations of GRI design parameters for efficacy in

TOACIIES ...ttt et b ettt b ettt esbe et sbte bt et ebtenbeenenanens 116
Figure 4-5. Evaluating the GRI translatability from rodents to humans............c..cccccevirienennen. 118
Figure 4-6. Sensitivities of insulin clearance fractions, transcapillary diffusion time constants,
and multipliers for rats and MICE. ........ccceeviiiiieiiieiiieieee e 128
Figure 4-7. Schematic of the workflow of PAMERAH as well as its application to model-aided
GRI design and translation............c.eecueerieeiiierieeiiienie ettt ve e esne e 129
Figure 4-8. Time courses of the dormant GRI concentration and the insulin release rate simulated
in average diabetic rats and mice respectively........ccocveeviiienciieiiiiecee e, 129
Figure 4-9. Protocol for the simulated pancreatic clamps corresponding to Figure 4-3............. 130
Figure 4-10. GRIDS and ODRs of healthy mice, diabetic mice, and diabetic humans.............. 131
Figure 4-11. The translatability grid with a dosage range of 0 to 200 ug/kg, different from that in
FAGUIC -5, .ottt et e e st e e st e e e ta e e e abeeeseneeeenseeennnes 132
Figure 5-1. Overview of the in silico investigation of the competitive clearance GRIs with the
IMPPACT modeling platform. ..........c.covrueveveieieieeiereieciciee e 144
Figure 5-2. Schematic of the proposed mechanistic model for CCM.........cccceceeveeviniiniincnnns 145
Figure 5-3. IM®PACT is able to quantitatively describe RHI and MK-2640 behaviors in minipigs
AN MUMANS.. c.eeiiii ettt ettt e s eneeas 153
Figure 5-4. Subpar glucose responsiveness of MK-2640 clearance in humans and investigation
into the hypothesized causes of the unsuccessful clinical translation....................... 155

Figure 5-5. Simulated changes in clearance between eu- and hyperglycemic clamps at 90 and
300 mg/dL for competitive clearance GRI candidates spanning the entire design

SPACE - utteeutteeeitte ettt e ettt e ettt e et e et e et e e e bt e e et aeeeabee e ab e e e nbee e tbeeenteeennteeenteesnbaeeeaneean 164
Figure 5-6. A cooperative Hill coefficient /cri is necessary to capture the initial rise in MK-2640
clearance at lower IIRs as reported in Trial 1 clamp study of MK-2640.. ............... 174
Figure 5-7. MK-2640 parameters found to not have contributed to the clinical underperformance
despite their significant interspecies differences in minipigs and humans............... 174
Figure 5-8. Simulated plasma glucose response to an intravenous dose of MK-2640 in a non-
diabetic human, with and without competitive clearance by MR................c.cuce... 175

Figure 5-9. Simulated changes in clearance between eu- and hyperglycemic clamps at 90 and
300 mg/dL for competitive clearance GRI candidates spanning a design space

expanded from that in Figure 5-5........cccooiiiiiiiiiiiiee e 175
Figure 6-1. Emergence of chemomechanical microparticle self-oscillation. ............c.ccccuveennee. 190
Figure 6-2: Observations of emergent order via symmetry-breaking............ccceevevveerveeeeeeennnenn. 194
Figure 6-3: Designated leaders induce periodic limit cycles.. .......cccovuieiiiniiiiinniiiieieee, 198
Figure 6-4: Self-organized oscillation powers a microrobotic arm. .......c..ccoceeeeeveervercicneenennns 201
Figure 6-5. Beating particle fabrication StePS. ........cccueerueerieiiieniieieerie et 211

14



Figure 6-6. Beating frequencies over time from moving window recurrence analyses.. ........... 212

Figure 6-7. Robustness of the emergent oscillation to perturbations.............ccccceevveeerieniieeneenne. 213
Figure 6-8. Compiled snapshots, breathing radius trajectories, and phase portraits for
heterogeneous/DL systems 0f V=210 6. .....cccceeveeriieriieeiieiieeie et 214
Figure 6-9. Compiled snapshots, breathing radius trajectories, and phase portraits for
heterogeneous/DL systems of N =710 11....cccccoeviiriiieniiiiieieeeceeeeee e 215
Figure 6-10. Open-circuit voltage of a Pt-Ru device as a weak function of H202 concentration.
................................................................................................................................... 216
Figure 6-11. Short-circuit current density as a function of H202 concentration for a Pt-Au device.
................................................................................................................................... 216
Figure 6-12. Bimorph actuator experimental SCtUP. .........cceerieeiiierieeiieiie e eve e 217
Figure 6-13. Oscillatory mechanical beating drives on-board oscillatory current...................... 217
Figure 7-1. Coordinate system of the H202 drop and the solved interface profiles for a series of
ATOP VOIUIMES Vdrop. «eveeuveeueeneieiieiienieeie sttt ettt sttt ettt sttt e b enee 227

Figure 7-2. While the bubble growth in a single-particle system eventually saturates due to
catalytic surface blockage, the bubble volumes in 2-particle systems remain linear

with time until their COIaPSE........cccuviiecuiieiiiece e 231
Figure 7-3. The time-independent volumetric bubble production rates as a function of the H202
concentration is fitted to a Langmuir-Hinshelwood reaction mechanism. ............... 232
Figure 7-4. Detailed comparison between experimental and simulated beating behaviours of two
PATTICIES. .ttt ettt ettt e e b e sttt et e et e et e e bt e enbeeteesareens 234
Figure 7-5. Maximum breathing radius and interarrival time of two identical particles as a
function of the H202 vOlUmE.........c.ooiiiiiiiiiiie e 235
Figure 7-6. Maximum breathing radius and interarrival time of two identical particles as a
function of the Particle SIZ€...........ceeviiiriieiieiiieiee e 236

15



LIST of TABLES

Table 3-1

Table 4-1.

Table 4-2.
Table 5-1.

Table 5-2.

Table 5-3.
Table 7-1.

. Physical quantities involved in simulating a 2D memristor array.............ccccceeevvennee. 64
Table 3-2.
Table 3-3.

Variables and their values used in the spatiotemporal simulations of a GRI swarm. . 74
Analyses of memristor arrays designed to satisfy the temporal resolution requirements

of several specific appliCation SCENATIOS. .....cccvvierureerireeeiieerieeerreeereeesireeereeesreeees 79
Physiological parameters for rats and mice based on a priori animal anatomical
TNEASUTECITIETIES ... eeutteeeiiteeeitteeeitte e et e estbeeestbeeeateeeabeeebteesabbeesabbeesabeeesabaeesabeeesaneeenanes 125
Pharmacokinetic parameters for rats and mice...........ccceeveeviieiieniieenienieeceeeeeee, 125
Interspecies differences in MK-2640 properties hypothesized to have contributed to
the unsuccessful clinical translation............c.coccueeiieriiiiiinii e 158
Physiological parameters for minipigs and humans based on a priori experimental
measurements published in the literature or by the vendor. ........c.cccccceviniininninnen. 169
Pharmacokinetic parameters for minipigs and humans............ccccocceevieriienieeieenen. 170
Parameters used in the mechanistic model of the beating particles ..............c.......... 233

16



CHAPTER 1

Introduction

17



1.1. Introduction to Microscale Robotics

Microscale robotics started out as a vastly unrealistic artistic concept in science fiction novels and
films. For example, in 1966’s Fantastic Voyage, referenced in numerous microrobotics
publications as a remote research motivation (1-6), a submarine was miraculously shrunken down
to the size of a red blood cell, which allowed the crew to repair a wounded brain from inside the
patient’s body (Figure 1-1A). Far-fetched as it sounded, we have witnessed consistent scientific
efforts to make macroscopic robots compact in size, which, on the sub-meter scale, have found
real-life applications in rescue assistance and archeological exploration. As shown in Figure 1-1B,
miniaturized centimeter- and millimeter-scale “insect-size” robots have been invented owing to
massive strides made in materials, mechanical/electronic devices, integration technologies, and

control algorithms (7-11).

There are, however, situations on an even smaller scale that are not accessible by these
miniaturized but not yet microscopic robotic systems: geological surveys through tiny crevices,
injury detection along remote oil and gas pipelines, sensing within enclosed chemical reactors and
nanofluidic conduits, and probing, cargo delivery, and even surgery within the human body (12).
Towards these application scenarios, devices on the micrometer-scale and under that can harvest
energy, power embedded circuits for logic and computation, utilize sensor, and store information

into memory present a vision of synthetic systems that function like cellular analogs (13).

As shown in Figure 1-1C, in recent years the field of micron-sized robotics have made strides in
supervising and actuating micromachines externally using light (14,15), sound (16,17), and
magnetic/electric fields (18-20). These robots have been shown to be particularly relevant to
certain biomedical tasks which can be accomplished within a reasonably short time frame and in
a controlled environment, such as during a magnetic resonance imaging (MRI) scan (19,21,22).
They were also envisioned to act as immobile sensor nodes suitable for Internet-of-Things (I10T)
applications (15,23,24), yet their potential to this end remains uncertain given the need for external
machinery for wireless power supply and information readout. Additionally, many of these
externally controlled “marionettes” were found to be ideal, well-controlled platforms for studying
intriguing emergent physics (25-27) as well as testing out novel microrobotic components and

methods of integration (14,20).
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A B C D
sci-fi cm/mme-scale bots microscale “marionettes” autonomous microrobots

Figure 1-1. Roadmap of microscale robotics. Despite the concept started with (4) a vastly unrealistic artistic
rendition, years of advancement in materials, devices, integration technologies, and control algorithms pushed the idea
towards reality as we witnessed first (B) the miniaturization of macroscopic robots to the centimeter- and millimeter-
scale, and then recently (C) the realization of truly micrometer-scale “marionettes”. However, it remains a daunting
and central challenge to impart autonomy onto microscale robotics (D), required for a multitude of applications where

external human monitoring and intervention are impractical.

In contrast to the rich body of literature on microscale robots monitored and supervised by an
external operator, complementary progress towards fully autonomous and tetherless agents has
been far more gradual (28). While tethered or teleoperated systems offer utility in many a scenario
such as microrobot-assisted surgeries as discussed earlier (29), autonomy is necessary in situations
where large, remote, or enclosed spaces are to be accessed, or when the targeted missions span a
long period of time (Figure 1-2). For instance, should a microrobot be tasked with continuously
circulating in the bloodstream of a patient and delivering therapeutics in a targeted fashion, it is
impractical to confine the patient over an extended period to an MRI or ultrasound machine for
external manipulation and monitoring. Instead, autonomous microscale robots should be able to
execute the “sense-think-act” paradigm independently like the envisioned construct sketched in
Figure 1-2 (right), where the coordinated interactions among integrated sensing, memory, and

actuation functions enable intelligent and simultaneous cargo delivery and long-term monitoring.

More specifically, if the on-board sensor measures local glucose concentrations in the body, and

if the actuator triggers a controlled release of insulin, the design essentially composes a
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microrobotic form of glucose-responsive insulin (GRI). While GRIs have had a long history of
development tracing back to the late-1970s (30), the mechanism has always been dependent on
biomolecular and/or polymer properties whose responsiveness is designed by tuning the
(bio)chemistry (31,32). A microrobotic GRI (mrGRI), which combines on-board electronics with
material properties, could allow for an enhanced freedom of design as well as better control. While
existing molecular and polymeric GRIs respond to the real-time local blood glucose, analogous to
a proportional controller, mrGRI’s designed ability to read its own sensing history opens the
possibility of the full proportional-integral-derivative (PID) scheme. Known to enhance the control
robustness significantly compared to just a proportional controller, an onboard PID scheme would
be particularly beneficial to a task as delicate as blood glucose regulation in a diabetic patient (33).
This vision, once realized, could replace existing insulin pump therapies which rely on bulky

mechanical devices and sophisticated algorithms to achieve an optimal blood glucose profile.
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Figure 1-2. Comparison between a “marionette” and an autonomous microscale robot.
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1.2. Thesis Organization and Overview

T
| Autonomous delivery and monitoring systems, e.g. microrobotic GRI |
Modeling toolbox for GRI + 4 4 LS
design optimization
Onboard oscillator and Integrated sensing and steering |
multi-robot control
i t
[ Experimental demonstration | Micro-actuators
?
L, Onboard real-time access to memory, I Onboard energy harvesting and storage l
sensing, and actuation
A
| Locomotion module | | Onboard fuel cells | | Picoliter batteries |
I Extension to allow metal patterning |
’ Cleanroom-free autoperforation | ‘ Conventional microelectronic fabrication |

Figure 1-3. Unified vision of an autonomous microrobotic delivery and monitoring system and its relation to
the building blocks constructed within our research group and by our collaborators in recent years. The blocks

shaded blue are my scientific contributions which will be discussed in detail in this thesis.
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Figure 1-4. Graphic visualization of the thesis’ organization and the topic of each chapter.
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In this thesis, I detail my scientific contributions to addressing a number of key challenges in
autonomous microscale machines via the development of microrobotic functionalities/components,
fabrication techniques, architecture for integration, in silico modelling toolbox, as well as control
strategies. My thesis fits into a broader vision of the Strano research group as seen in Figure 1-3,
where projects are organized to support one another and oriented towards the demonstration of an
autonomous delivery and monitoring system such as a mrGRI. Although my research efforts over
the past 5 years were far from linear as illustrated in Figure 1-3, I have organized them in this

thesis into 4 topics covered in a total of 7 chapters (Figure 1-4).

Specifically, Chapter 2 summarizes the cleanroom-free autoperforation platform for the fabrication
of electronic microparticles (34) and introduces my collaborative work in extending the technology
to allow surface patterning (35). I demonstrate a facile motility module added to otherwise

stationary microparticles, enabled by the patterning of a catalytic metal surface.

On the basis of the architecture of autoperforated microparticles, Chapter 3 describes a lean and
compact electrical circuit design that allows micron-scale robots to have real-time access to
memory, sensing, and actuation (36), the integration of which had only been attempted with
extremely complex integrated circuit. In contrast, our design based on memristor arrays permits
the use of a wide range of micrometer-resolution but facile, additive fabrication technologies and
correspondingly an expanded set of compatible materials. I computationally study designs that
accomplish four autonomous microrobotic tasks of increasing complexity, eventually confirming

the feasibility of microrobotic GRIs with coupled circuit and pharmacokinetic simulations.

The pharmacokinetic modeling toolbox, PAMERAH, is described in Chapters 4. The physiology-
based model predicts the therapeutic efficacy of GRI candidates from their user-specified
mechanism of action, kinetics, and dosage (37,38). While experimental trial-and-errors are costly
and time-consuming, PAMERAH is able to scan a large design space for optimal ranges of design
parameters. Our parameterized models of humans, rats, mice, and miniature swine further allow
us to probe the clinical translatability of a GRI candidate based on its performance across species.
At the end of Chapter 2, I use PAMERAH in conjunction with circuit simulations to find the
optimal design of a memristor-based microrobotic GRI without having to build a physical

prototype first.
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In Chapter 5, on the other hand, I apply an upgraded version of PAMERAH called IM*PACT to
an existing GRI, MK-2640. As the only GRI to date to have entered the clinical trial stage, MK-
2640 failed to replicate its glucose responsiveness promised in the preclinical studies (39—41).
With the newly added capability of minipig simulation as well as a mechanistic model of GRIs in
the competitive clearance GRI family, I query the potential causes of the unsuccessful translation

and whether any variants within the same GRI class could have succeeded.

Contrary to the individual “smart” micromachines with integrated functionalities, Chapter 6
explores an alternative route (and possibly a shortcut) of leveraging the collective behavior in a
collective of simple particles (42). Specifically, I show that a collective of Pt-decorated microdisks
pinned at the air-H202 interface exhibit emergent, self-sustained chemo-mechanical oscillations.
Interestingly, a stable emergent oscillation is only achieved in many-particle systems when the
permutation symmetry is intentionally broken, via a mechanism termed asymmetry-induced order.
I devise an on-board fuel cell which translates the periodic mechanical motion into oscillatory
electrical signals, which cyclically drive the relaxation and contraction of a state-of-the-art micro-
actuator. In Chapter 7, I construct a physics-based mechanistic model which describes the
emergent oscillatory behavior with high fidelity, thereby elucidating the roles of the global and

local interactions within the particle system.
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CHAPTER 2

Autoperforation of 2D materials as a cleanroom-free integration

platform for electronic microscale machines

This chapter has been adapted from:

Jing Fan Yang, Pingwei Liu, Volodymyr B. Koman, Albert Tianxiang Liu, and Michael S. Strano.
2019. “Synthetic Cells: Colloidal-Sized State Machines.” Pp. 361-86 in Robotic Systems
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2.1. Abstract

In this chapter, I introduce a facile nanofabrication technique called autoperforation for top-down,
cleanroom-free fabrication of highly customizable micrometer-sized microstructures. Developed
in the Strano group, autoperforation uses controlled brittle fracture to spontaneously cut out these
structures sandwiched between 2D materials like graphene, hexagonal boron nitride (hBN), and
MoS:. In addition to the choice of the 2D sheets, the technique also allows flexibility regarding
surface functionalization, particle size, and composition of the sandwiched ink. In a follow-up
work, I reported an extension to the autoperforation technique which patterns metal onto the
particle surfaces via an inversion molding process. We demonstrated the capability of
autoperforation with proof-of-concept metal/ion sensing applications in waterbody and soil matrix.
Importantly, when memristive inks were used, we showed how each autoperforated cell was
equivalent to an array of cross-plane memristive devices connected in parallel, which directly
inspired the memristor array architecture for time awareness in §3. Autoperforation has the
potential to be a user-friendly and versatile platform technology for facile integration of electronic

and materials-based microrobotic modules.
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2.2. Introduction to Autoperforation

Top-down photolithography has been the go-to option for microscale robotics with any electronic
parts aboard, including sensors (1,2), actuators (3), and energy harvesting modules (4,5). Although
conventional top-down lithography is well-suited for extreme fine control over nanoelectronics, it
is also known to be time-consuming and requires considerable research infrastructure. With the
anticipated increase in circuit complexity as the field matures, the design and fabrication of these
lithography-fabricated electronic microrobots will inevitably require involvement of integrated
circuit professionals and semiconductor foundries, rendering the research accessible to very few
in the academic world. I was part of a team in the Strano group that developed an alternative
technique to lithography in the fabrication and integration of electronic microparticles (6). This
top-down, cleanroom-free technique, which we call autoperforation, is founded on controlled

fracture of two-dimensional materials (2DM).

Although there are indeed precedents for utilizing mechanical failure for fabrication, such as the
creation of nanowire tunnel junctions by electromigrative breakage (7,8), reproducibility remains
a limitation (9) due to the inherent stochasticity of mechanical breakdown. We found that this may
be overcome, however, by specifically imposing a strain field as predicted by Griffith theory,
hence obtaining a decent control (10). In his 1921 paper, A. A. Griffith developed the pioneering
theory of fraction mechanics, proposing that a crack propagates once the intensity of stress
concentration surpasses a critical value specific to the brittle material (11). The criticality emerges
because the energy required for overcoming chemical bonding of a certain material scales
quadratically with strain, while the relation is linear for the surface energy released upon cracking
(6). Length of the crack at which the criticality occurs is referred to as the Griffith length, beyond
which cracks extend. As CVD-grown large-area graphene (12), and other 2DMs as well, naturally
carries randomly distributed and oriented nanometer-sized defects, crack formation may take place
— destined to be stochastic and of no value without a designed strain field, as the Griffith length is
uniform across the surface. Engineered Gaussian curvatures (G) in the two-dimensional sheet,

nevertheless, induce non-uniform curvature potential (®) following Poisson’s equation

VO(x) =-G(x), (2-1)

which translates to heterogeneous distribution of stress (linked by Young’s modulus) and hence
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Griffith lengths, as shown in Figure 2-4b. Crack propagation, as a result, has a directional
preference and is no longer stochastic, creating an opportunity of guided fracture upon stretching
controlled by the strain field. Experimentally confirmed on a macroscopic decimeter-scale
polydimethylsiloxane (PDMS) membrane by Mitchell ez al., the phenomenon is expected to apply
across scales as Equation 2-1 is independent of material properties (10). Indeed, the Monte Carlo
simulation presented in Figure 2-4a predicted a guided crack trajectory along the maximal hoop

strain path at a scale thousand-fold smaller.

We experimentally confirmed the theoretical analyses following the methodology in Figure 2-4e,
with the central idea of creating a strain field by inkjet-printed, isolated islands. Guided by a pair
of “invisible scissors”, brittle fracture “cuts” the 2DM sheets around an island (Figure 2-4d),
forming a dumpling-like structure with the ink sandwiched between a pair of 2DM layers (Figure
2-4f). This is to our best knowledge the first work utilizing 2DM fracture as a tool, since the field
of 2DM mechanics had only focused on the fracture mechanism and arresting propagating cracks
previously (13,14). Of note, the 2D sheets, ink composition, and microparticle size are all
customizable (Figure 2-4¢), offering considerable flexibility for particle design and integration of

functionalities (6).
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Figure 2-1. Autoperforation of 2DMs. (a) Numerical simulation of the propagating cracks in graphene conforming

to a micropillar of 2 =1 pm, following the model outlined in Ref. (10). Scale bar: 100 um. (b) An example showing
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how curvatures engineer a strain potential field which can guide fracture growth. (c) Lateral profiles of four
autoperforated particles fabricated with 1 nL ink each of different compositions or concentrations. PS filler alone leads
to a toroid cell geometry while BP/PS and ZnO/PS fillers lead to convex ellipsoids. (d) Time-resolved fracture
propagation in graphene during the liftoff process as observed under an optical microscope. Scale bars: 100 um for ¢
= 3.7 to 4.8 s, 1 mm for the remainder. (¢) Autoperforation protocol with graphene as an example, although other
2DMs may be used as well. (f) Schematic showing the autoperforated structure. Subfigure (b) is adapted from Ref.
(10) while the remainder is from Ref. (6).

2.3. Autoperforation-Compatible Metal Patterning

My follow-up work to the original autoperforation report described, among other contributions, an
inversion molding technique allowing metals to be patterned on autoperforated cell surfaces (15).
As detailed in Figure 2-2, instead of directly printing the ink of choice, we first patterned a
graphene sheet with sodium carboxymethyl cellulose (CMC) via inkjet printing. Subsequently, a
thin layer of polymethyl methacrylate (PMMA) was spin-coated onto the CMC pattern, filling in
the gaps between the CMC features. Given the ionic nature of CMC, immersion of the stack in
water overnight leaves behind only PMMA on graphene. Parts of the graphene not covered by
polymer, which had been underneath the CMC pattern initially, were then exposed to an electrolyte
solution from which a metal can be electroplated onto the 2D material. In Figure 2-2 for instance,
we showed the patterning of platinum onto graphene using a platinum (IV) chloride (PtCl4)
solution. The rest of the experimental protocol is identical to that used in the original
autoperforation technique: We covered the metal-patterned graphene with an additional layer of
PMMA and flipped it over. We printed onto the flipped graphene an array of ink dots before
covering it with a second sheet of 2DM. The end result following lift-off is an autoperforated
microparticle patterned with metal on its surface. A demonstration that became immediately
possible is shown in Figure 2-3, where two Pt-decorated autoperforated microparticles were made
mobile thanks to the catalyzed H202 decomposition reaction. As we will see in §7, this

demonstration became the basis of my later work on emergent microrobotic oscillators.
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Figure 2-3. Superimposed images of sequential frames show the locomotion of two mobile Pt/graphene

microparticles (white circles and red squares). Arrows indicate the migration direction. Scale bar, 100 pm.

2.4. Autoperforation for Integration of Electronic Memory

The utility as micron-scale electronics that handles the storage and processing of sensed
information is a key component of our vision (Figure 1-2). Graphene has a well-documented high
electrical conductivity (16) as confirmed by experiments (6), which showed that the in-plane
electrical conductance values differ greatly between graphene-polystyrene-graphene cells (= 107
S) and the polystyrene filler alone (= 10713 S). Given that the two graphene terminals are isolated
from each other as confirmed by electrical characterization, the drastic discrepancy in in-plane
conductivity enables autoperforated graphene particles to function as two-terminal through-plane
electronics when in prolate orientation. By compositing the polystyrene ink with 0.9 wt% of
memristive phosphorene nanoflakes, we could fabricate memristive switches across the particle

interior (6).

It would be worthwhile to spend a paragraph here introducing memristors, or memory resistors,

which are particularly promising non-volatile information storage modules for microscale robots
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such as autoperforated electronic particles. Conceptualized by Chua in 1971 and materialized in
2008, a memristor is a device whose resistance is a function of its voltage history (17-19). As the
physical state variable is no longer voltage nor electrical charge but the resistance, information
storage without the need of a constant power supply becomes feasible, thus the so-called “non-
volatility” (19). In digital applications, memristors are switched “ON” beyond Vi and are kept
“OFF” otherwise. Vu of typical memristors spans 1 to 3 V (20), though recent years have witnessed
the emergence of many devices of low programming voltages, such as the MoOx/MoS:
sandwiched heterostructure reported by Bessonov and co-workers (21). The readers are directed
to a number of recent review articles where a rich library of memristive materials is documented

(22,23).

The two-terminal resistive switching characteristic to memristors was observed in graphene-
phosphorene/polystyrene-graphene particles (Figure 2-4a), consistent with the earliest reports of
memristive behaviors by the Williams team at Hewlett-Packard (18,24). During a 0 to 4 to 0 V
voltage scan, a memristive particle switched from its high-resistance state (HRS) to low-resistance
state (LRS) at a threshold voltage (= 1.5 V as in the right half of Figure 2-4a). The switching was
reversed when a negative bias was applied during a 0 to -4 to 0 V scan, shown in the plot’s left
half. Despite the low weight fraction of phosphorene, the memristor ON/OFF ratio reached as high
as 10* when read at 0.2 V, while in the meantime the undoped graphene-polystyrene-graphene
controls were merely memristive (Figure 2-4a). Akin to a number of memristors previously
reported (18,25,26), electromigration of mobile oxygen vacancies and ions governed the reversible
resistive switching behavior. The observed memristivity at such a low phosphorene content was
ascribed to the percolated network formed by loading phosphorene into intra-particle spaces

among polystyrene nanoparticles (6).

It is important to note how the sandwiched memristive ink functions as a group of submicron-scale
vertical memristor devices connected in parallel, each linked to two graphene terminals (Figure 2-
4c). The memristor elements in the same autoperforated cell may be individually turned on and off
by local application of a voltage across the cell at any two contact points — one on each graphene
sheet. The domain size, or how fine the resolution can be, is defined by the current spreading radius
in the ink and practically by the probe (for reading/writing/erasing) dimensions, whichever is

larger. The claim was supported by the demonstration in Figure 2-4b. Using a 5 um tip, an
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autoperforated cell (d = 250 um) was divided into a 15-bit memory on which each bit could be
separately written (by a positive scan to 4 V), erased (by a negative scan to —4 V), or read (at 0.2
V). The letters “M”, “I”, and “T” were selectively written onto the cell sequentially with an average
ON/OFF ratio on the order of 10*. While the memory had 15 bits in the demonstration, a higher
resolution can be realized with smaller probes, only bounded by current spreading. With the
inversion molding technique for metal patterning (15), incorporation of metal contacts under the
top 2DM layer could provide reference points for the individual bits, aiding manual reading and

writing operations.
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Figure 2-4. Memristive properties and demonstrated applications of autoperforated electronic particles. (a)
Cross-plane /-V curves for memristive graphene-phosphorene/polystyrene-graphene (0.9 wt% of phosphorene in the
ink) and just polystyrene. Switching from OFF to ON for the previous takes place at approximately 1.5 V, while no
memristive behavior is seen in the insulating polystyrene ink. (b) Mapping of “M”, ”’I”, and ”T” onto a 3 x 5 grid on
a graphene-phosphorene/polystyrene-graphene cell by selective writing (with 0 to 4 V scans) and erasing (with 0 to -
4V scans). Scale bar: 100 um. (¢) Schematic illustrating how each memristive particle is equivalent to a cross-plane

array of memristor elements connected in parallel. (d) Schematic illustrating the demonstrated applications of surface-

35



functionalized autoperforated particles as waterbody (the upper route) and soil matrix (the bottom route) sensors for
metals or ions. The particles may be dispersed into the respective environments and recaptured by centrifugation or

magnet (if a ferromagnetic ink is used), before the stored information is read out. Adapted from Ref. (6).

2.5. Applications Demonstrated

Figure 2-4d displays the schematic of two environmental monitoring applications in water and soil.
Surface functionalizability of autoperforation encouraged incorporation of sensor modules that
capture metals or ions in the environment. For waterbody sensing, we functionalized graphene-
polystyrene-graphene particles with surface amine groups capable of capturing citrate-coated gold
nanoparticles present at a concentration of 6 x 10'? particles per mL. Dispersed into a polluted
waterbody, the cells were recollected via centrifugation and characterized by conductance
measurement or Raman spectroscopy (Figure 2-4d, top). Similarly, magnetic cells modified with
nitrilotriacetic acid (NTA) detected zinc cations through ligand binding while infiltrating the soil
matrix. An essential nutrient for plant proteins, zinc in excess could however lead to intoxication
(28). With iron oxide in the ink, the particles could be magnetically propelled and captured, before
being read out optically or electrically (Figure 2-4d, bottom). Presence of gold nanoparticles raised
the cell surface conductance by an order in contrast to the control, in addition to a redshift of the
graphene 2D Raman peak for optical characterization. Zinc cations lowered the surface
conductance by two orders of magnitude while causing a blueshift in graphene 2D peak. Note that,
nevertheless, the sensing applications demonstrated in this publication did not utilize the
memristive property. Information was instead stored in the entire surface of the cell, while a

parallel array of memristors could greatly enhance the memory density.
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CHAPTER 3

On-board temporal access to memory, sensing, and actuation via

a simple memristor array

This chapter has been adapted from:

Jing Fan Yang, Albert Tianxiang Liu, Thomas A. Berrueta, Ge Zhang, Allan M. Brooks, Volodymyr
B. Koman, Sungyun Yang, Xun Gong, Todd D. Murphey, and Michael S. Strano. 2022.
“Memristor Circuits for Colloidal Robotics: Temporal Access to Memory, Sensing, and

Actuation.” Advanced Intelligent Systems 4(4):2100205.
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3.1. Abstract

Micrometer-scale robots capable of navigating enclosed spaces and remote locations are
approaching reality. However, true autonomy remains an open challenge despite substantial
progress made with externally supervised and manipulated systems. To accelerate the development
of autonomous microrobots, we seek alternatives to conventional top-down lithography. Such
additive technologies like printing, coating, and colloidal self-assembly allows for rapid
prototyping and access to novel materials, such as polymers, bio- and nanomaterials. On the basis
of recent experimental findings that memristive networks can be rapidly printed and lifted off as
electronic microparticles, we introduce an alternative design paradigm based on arrays of two-
terminal memristive elements that enables real-time use of memory, sensing, and actuation in
microrobots. We validate several memristor-based designs representing key building blocks
towards robotic autonomy: tracking elapsed time, timestamping a rare event, continuously
cataloguing time-indexed data, and accessing the collected information for a feedback-controlled
response as in a robotic glucose-responsive insulin, as a test problem. Our computational results
establish an actionable framework for microrobotic design — Tasks normally requiring complex
circuits can now be achieved with self-assembled and printed memristor arrays within

microparticles.
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3.2. Introduction

The potential impact of robots capable of realizing sense-think-act cycles at the micrometer scale
has been widely appreciated across fields for decades (1-3). While recent work has made strides
in supervising and actuating micromachines externally using light (4,5), sound (6,7), and
magnetic/electric fields (8—10), complementary progress towards fully autonomous and tetherless
agents has been more gradual (11). To date, the critical challenge of integrating various on-board
microscale components (12) has been targeted using integrated circuit (IC) microfabrication. As
an alternative, recent experimental findings have shown that parallel arrays of memristors can be
rapidly printed en masse and lifted-off as a microparticle swarm with the use of facile additive
technologies. Based on these results, we present and validate the design of an alternative
memristor-based circuit architecture compatible with additive fabrication methods and emerging
materials. Our materials-based design of on-board electronics enables untethered autonomous
microrobots to sense, think, and act via temporal access to on-board sensing, memory, and
actuation. These capabilities embody surprisingly powerful computation within a simple circuit

comprising only two-terminal resistive elements.

Over the course of miniaturizing macroscopic robotics to centi- and millimeter scales, innovations
in individual robotic components such as actuators (13—15), controllers (16), and power electronics
(17,18) have proven critical, exemplified by the recent autonomous flight of an insect-sized robot
(19). These improved components are still tied together by on-board IC chips in miniature robots,

unchanged from their larger-scale counterparts (20,21).

On the other hand, IC chips are less common in microrobots, or colloidal robots, which we define
as micrometer-scale robots that can be dispersed in a fluid (22). To this end, a few research groups
have fabricated sophisticated immobile sensor nodes (23-26) that exceed 250 um in size and are
externally supervised or monitored, with key tasks outsourced off-board such as recording of the
sensed information. The infrequent breakthroughs in this area are contrasted with a rich body of
literature on actuation (4,27-30), locomotion (31-35), energy harvesting/storage (36,37), and
sensing modules (38—41) for autonomous colloidal robotics. These components, which often
tolerate a lower fabrication resolution but require IC-incompatible novel materials, present an

opportunity for emerging fabrication platforms like inkjet printing (38,42—44), screen printing
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(45,46), stamping (47), and colloidal self-assembly (48,49). Naturally, an accompanying
micrometer-resolution construct is needed to integrate and coordinate the individual robotic

functionalities on a micron-sized entity.

To this end, there have been efforts towards robotic components that are inherently dual-functional.
For example, sensing is integrated with actuation (29) or locomotion (50) using responsive
materials, which have found wide applicability in autonomous targeted delivery (51-53).
Nonetheless, tasks such as autonomous data gathering remain challenging with intrinsic material
properties alone. On the other front, self-propelled micromotors can develop additional capabilities
as a collective, such as swarming and self-assembly (54). Advanced collective tasks such as
separation and peer recruitment, however, are not yet demonstrated in micrometer-scale systems,
as they require coordinated execution of sensing, data processing, memory updating, and actuation

steps on-board (55-57).

Moreover, certain robotic components lack a design at the micrometer scale realizable with
additive fabrication unlike on-board sensors and actuators. The most prominent example is a
timekeeping mechanism, which is essential for feedback control and computation (58—60). While
timekeeping may seem ancillary to autonomy, all Turing-equivalent models of computation rely
on sequential logging of states as they evolve (61), which tracking time allows one to do. In the
absence of chronometry, basic control-theoretic notions of stability, robustness, and task-
performance become impossible to guarantee in any but the most trivial of control problems
(62,63). While there have been relevant efforts based on time-dependent diffusion (64), materials
erosion (41), and biological cell activity (65), their temporal information is only communicated to
the operator in the end and isolated from other robotic elements, if any. By contrast, temporal
access to the memory, sensors, and actuators on-board is desired for microrobots that sense, think,

and act autonomously.

Herein, we develop a design framework that allows micron-scale robots to have real-time access
to memory, sensing, and actuation. The lean and compact electrical circuit only comprises simple,
two-terminal resistive elements: memristors in parallel bridged by fixed or chemiresistors. This
dramatic reduction in complexity from conventional microchips thus permits the use of a wide

range of micrometer-resolution but facile fabrication technologies. In turn, they expand the arsenal
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of compatible materials to include polymers, biomaterials, nanoparticles, and their composites
(42,66,67). We computationally study designs that accomplish four autonomous microrobotic
tasks of increasing complexity: (i) logging a robot’s excursion time; (ii) detecting and
timestamping a rare chemical event; (ii1) collecting and cataloging a series of time-indexed data;
and (iv) accessing the measurement data stored on-board and implementing feedback control, as
in a closed-loop insulin delivery system. These results validate our framework based exclusively
on two-terminal resistive elements whereby tasks that normally require complex circuit design can

be achieved with relatively simple components and connectivity.

3.3. Colloidal Robotics Based on Memristors

A memristor is a memory-resistor whose resistance is modulated by its current history (68,69),
switching between a high- and a low-resistance state (Rorr and Ron, Figure 3-1A). Each memristor
doubles as both a simple two-terminal switch as well as a non-volatile memory bit. Unlike a typical
random-access memory, a memristor sustains the stored information without a power source. The
switch/memory dual functionality, together with memristors’ small footprint and stackability (70),

makes possible a compact and energy-efficient electrical circuit compatible with colloidal robotics.

The classical model of a memristor’s switching dynamics (68,71-73) is illustrated in Figure 3-1B:
A moving phase boundary partitions a memristor into two interconvertible regions of resistivity

Rorr and Ron. A memristor #’s instantaneous resistance — or memristance — 1s:
M, () = Roxw, (1) + Ropr [I_Wn(t)] (3'1)

where wx(?) € [0, 1] is the nondimensionalized location of the partition. When an electrical current

In(?) passes through the memristor, its dynamics is governed by:

S (=21 (1) (3-2)

for a device of effective length L and an average mobility x4 which characterizes the
electromigrative drift of the charged dopants. Mx(7) is in turn a function of the entire current history

1»(0 — t). The current-voltage relation over a single memristor n (/»-V») takes a nonlinear form:
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V, (£) =M, ()L,(6) = { Royw, (1) + Roe [1=w, O]} 1,(0), (3-3)

which explains the pinched hysteresis loop in the experimental /-} curve in Figure 3-1A, a key
fingerprint of a memristor (74). If the initial condition is given for w, and the driving voltage Va(?)

is known, the memristance can be tracked over time by solving the differential equation.

Although a number of more involved memristor models have emerged over the years that include
detailed descriptions of the complex microscopic physics (75,76), we base our simulations in this
work on the widely-employed classical compact model above, which is proven to be optimal for
circuit- and system-level simulations and validation (77,78). That said, all our results forward
hinge only on the most general memristive behaviors, and the conclusions remain true should a

different mathematical model be applied.
3.4. On-Board Time Awareness

Shown in Figure 3-1C, the simple memristor array architecture comprises a voltage source Vo., an
array of memristors in parallel (M, n=1, 2, 3...), and the interspersing resistors — all two-terminal
elements. The simplest task is to record on-board the single variable of excursion time, defined as
the global time that has passed since the robot’s deployment, independent of the events
encountered. This passive task can be accomplished without any sensing and actuation functions.
In this work, we set Vo = 1V unless otherwise noted. The voltage may be supplied by either
harvested (e.g. a solar cell or a photodiode) or stored energy (e.g. a zinc-air battery), both of which
have been miniaturized for sub-100um-scale applications (5,39,79,80). While the basic fixed
resistors are commonly found in memristor circuits as secondary parasitic electrical elements, for
instance to account for the wiring resistance (81), they are essential in our architecture to create
the one-at-a-time switching sequence that encodes time (Figure 3-1D): Assuming an initial
condition where all memristors are ON (M» = Ron, Vn), any current would preferentially pass
through M closest to the energy source. Consequently, M is selectively switched OFF, or at least
largely, before the current bypasses the now highly resistive M1 and starts switching OFF M.
Likewise, M3, Ma, and so forth are sequentially shut OFF, thereby encoding the passage of time in

the respective memristive states.
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We replicate the one-at-a-time switching sequence with circuit simulations of a 7-memristor
discrete array (Mn, n = 1 to 7, §3.8.1). Shown in Figure 3-1G, the final set of memory states is a
function of the excursion time. For example, if we release the autonomous robots are retrieved at
t = 144s, the final memristor states read [OFF OFF OFF ON ON ON ON]. In comparison, robots
remaining in the environment for a longer 180s report [OFF OFF OFF OFF ON ON ON], since
more memristors are switched OFF as time progresses. This mechanism of reading time off the
collective memristor states is an exact analogy to the renowned Galileo thermometer (Figure 3-
12), for which temperature is encoded as the rise/fall states of a set of floats of varying densities

(82).

An array of memristors in parallel can also be fabricated by laying down a continuous layer of
memristive ink between two resistive 2D sheets (Figure 3-1E) via, for instance, inkjet printing
(38,83). Memristive inks have been reported to be made from an array of polymers, composites,
and nanoparticles/flakes (39,84). Our prior experimental works (38,83) show that arrays of
electronic particles 20 to 1000um in size can be stamped out from the sandwich stack en masse
(Figure 3-1F, §3.9.4). The technique allows a memristor array to be fabricated altogether via high-
throughput coating or printing (85,86), saving the trouble of defining discrete memristors and
interconnects. This continuous implementation is represented by a mathematical model built upon
the single memristor dynamics and cable theory (§3.8.2). We numerically simulate the resultant
coupled partial differential equations with the method of lines. Figure 3-1H shows the same
sequential switching behavior observed in the discrete simulations. In this case, location of the
spatial boundary between ON-state memristors and those switched OFF marks the excursion time.
As time passes, an increasing portion of the memristive layer adopts the highly resistive state. The
ON/OFF boundary thus propagates further away from Vo with time. Experimentally, the
boundary’s location would be marked by an abrupt drop in the local cross-plane resistance, which

can be pinpointed by sampling with a basic probe (38).

The readout variability introduced by measuring the memristor states is an important practical
consideration. Similarly, cost-effective additive fabrication platforms such as printing and coating
may introduce a higher degree of device variability as compared to lithography, where uniformity
is an ultimate pursuit. To test our design’s robustness to variations, we simulate large populations

of discrete memristor arrays with a series of variabilities in their intrinsic ON-state memristance
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Ron, fixed resistor resistivity Rr, voltage supply Vo, or extrinsic measurement accuracy. Assuming
normal distribution, we draw 400 samples for each level of relative standard deviation (0 to 20%)
and for each of the four parameters. The data presented in Figure 3-11 state that even with a large
variability of 20% in any of the parameters, accurate excursion time is read from at least 56.0% of
the arrays. Since autonomous cell-sized robots are by default deployed in sizable batches, an
accurate collective readout is affirmed so long as the majority (> 50%) report the same reading. In
other words, this memristor array is robust to more than 20% of intrinsic and extrinsic variabilities.
To put this wide error tolerance in perspective, the relative variation in Ron can be consistently

controlled below 8% in the latest spin-coated memristor devices of a wide range of materials (87—

90).
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Figure 3-1. 4: The experimental (circles) and simulated (colored curve) I-V relations of a representative memristor
which is switched from OFF to ON. Experimental data digitized from Ref. (91). The memristance ranges from 37.5kQ
(ON, yellow) to 10GQ (OFF, blue). B: The classical model of a single memristor’s switching dynamics, in which the
memristor is turned OFF or ON as a current / shifts the phase boundary. C: The memristor array architecture which
comprises an energy input Vo, memristors M, in parallel bridged by either fixed resistors for logging excursion time
or chemiresistors as sensors. D: The sequential switching phenomenon along a memristor array illustrated. As time

elapses, the initially ON memristors are switched OFF sequentially. The final memristor states therefore encode time.
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E: Literature has shown that a continuous matrix of memristive ink material printed or coated between resistive 2D
sheets is equivalent to an array of memristors in parallel. F: On a particle stamped out from the sandwich stack,
different regions of the continuous memristive layer can be selectively switched ON/OFF by an applied voltage with
the currents diffusing slowly. Scale bar, 50um. Data adapted from Ref. (38). G: Simulated normalized memristance
of 7 discrete memristors in parallel. Memristors are sequentially switched OFF as time elapses. Vo =1V, u/L* = 1s'V-
!, @ = Rorr/Ron = 100. H: Simulated normalized memristance of a continuous memristor array. The switched OFF
region of the memristive layer expands over time. Vo= 1V, w/L? = 1s'V-!, Rg = 1.75kQ/um, a = 100. I: Even with a
high variability in Ron, Rr, Vo, or with a high measurement error of 20%, the majority of the 400 simulated memristor
arrays report the correct excursion time. As microrobots are deployed and retrieved in batches, this allows the correct

time to be interpreted.
3.5. Detecting and Timestamping a Rare Event

In addition to passively recording the excursion time, a microrobot with basic sensors should allow
its history to be tracked. In the example scenario illustrated in Figure 3-2A, a robot travels down a
pipeline where the oxygen concentration is low throughout except for a leaky region. The leak’s

location and length are of interest.

We integrate the sensing capability with timing and memory by simply substituting the fixed
resistors in Figure 3-1C with chemiresistors, whose conductance is modulated by the concentration
of an analyte. Chemiresistors have already been used in cell-sized robots as a sensing device.
Examples include ammonia and triethylamine sensors fabricated from just a sheet of MoS:
monolayer (39,92). The rich literature of chemiresistive materials offers solution to sense pH,
metal ions, biomolecules, as well as small and large gas molecules with a relative resistivity change

(the response ratio) of up to several thousands (93-95).

In a memristor array, if the circuit’s chemiresistance increases as a response to a change in the
local chemical environment, sequential switching of the parallel memristors slows down and vice
versa. With a high chemiresistor sensitivity, the presence of an analyte beyond a threshold can in
essence pause subsequent switching, and in turn pause the propagation of the ON/OFF boundary
seen in Figure 3-1H above. The chemiresistors may be reversible, meaning they resume the
pristine resistance once the analyte is no longer sensed. The discrepancy between the time recorded
by this array and the excursion time therefore signals the duration of exposure to a high analyte

concentration. On the other hand, the halt to memristor switching is permanent if the analyte binds
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irreversibly to the chemiresistors as in the case of the aforementioned MoS: sensing surface (39).
The very instant of entering the analyte-rich region is thus frozen in this case. As a result, the tri-
array configuration in Figure 3-2B records the onset time of a sensing event, its duration, and the
excursion time respectively with memristors bridged via irreversible chemiresistors, reversible
chemiresistors, and fixed resistors. On the contrary, if a lower-than-usual chemical concentration
is to be detected, there are chemiresistors of inverted responsiveness available that are only

conductive under sufficient analyte exposure (94).

Figure 3-2C shows the circuit simulation results for the pipeline leak scenario, where the memristor
arrays together detect and timestamp a sensing event. Before the robot enters the leaky region,
memristor arrays with reversible and irreversible chemiresistors behave identically to an ordinary,
non-responsive array (left panels, z = 100s). Upon entering the leaky region, however, arrays with
chemiresistors paused as the excursion time advances (center panels, £ = 320s). Of the two, only
the array with reversible chemiresistors (green) is released from the interruption after the robot
travels past the leak after # = 320s. The simulation in the right panels shows that, of the 450s
excursion time, eventually, the irreversible array (red) clocks only the 100s preceding the leaky
region, whereas the reversible array clocks 230s: 100s prior to as well as 130s after experiencing
the leak. That is, from the final memristor array states, we can extract the robot’s temporal history
regarding the sensing event — in this case an onset at # = 100s and a duration Af = 220s. With the
average longitudinal velocity computed from the pipeline length and the excursion time, the
temporal information can then be translated into the leak location and length. While we focus on
probing the chemical micro-environment here, the local temperature, pressure, and presence of
light may be detected as well by substituting the chemiresistors with thermistors, force-sensing

resistors, or photoresistors, all of which printing-compatible or solution-processable (96-98).
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Figure 3-2. A4: Illustration of a sensing robot traveling down a pipeline with an oxygen-rich leak region to be detected
and reported. B: Memristor arrays with fixed resistors, reversible chemiresistors, and irreversible chemiresistors. C:
Memristor states of the three respective arrays (top down: black, green, and red) at # = 100s, 320s, and 450s (left to
right), which corresponds to the time right before the robot enters the leak region, exits the leak region, and ends the
voyage. The panel for # = 450s shows that the final memristor states allow the excursion time, the duration, and the
onset time to be extracted, and in turn location and length of the leak. Vo = 1V, u/L*> = 1 s'V'!, & = 100, oxygen
concentration [O,] = 250ppm for ¢ € [100s, 320s] and 0 otherwise. The chemiresistor response Rr([O:]) follows that
described in Ref. (99).

3.6. Extension to Multivariable Sensing

We expanded upon the 1D time-recording array design above for logging multi-variable
information in the form of a 2D set of memristor states. A 2D memristor array further exploits the
planarity of electronic microparticles stamped out of a continuous sandwich stack, previously seen
in Figure 3-1F (§3.9.4). A multi-variable sensing robot allows, for instance, detection of the

locations and sizes of an unknown number of separate leaks (Figure 3-16), or more generally
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registration of time-indexed data of the immediate surroundings. As an example, Figure 3-3A
presents a scenario where an enclosed space’s spatial distribution of an analyte is to be probed in

the form of time-concentration tuples.

The 2D architecture in Figure 3-3B consists of a series of 1D sensing arrays branching out along
the y axis from another 1D memristor array with fixed resistors (the trunk) along the x axis. As
demonstrated by the schematics and simulation results in Figure 3-3B-E (§3.8.3), the trunk
memristors are sequentially shut OFF as time progresses, successively delivering electric voltage
to the branches further away. Meanwhile, a circuit breaker memristor joins each branch to the
trunk. A short while after a branch is delivered power, this circuit breaker is switched OFF, thereby
blocking further current flow. The non-volatile memristors on the branch are thus frozen thereafter.
The overall effect is a sequential activation of the branch arrays along y, each activated for only a

short time window.

From the perspective of a single memristor branch, it is powered only after some time # as the trunk
memristors switch progressively along x. The memristors on this branch then start to sequentially
switch OFF for A¢, the timescale of switching a circuit breaker. Importantly, because the speed of
sequential memristor switching along a branch is modulated by the chemiresistance, the extent
each branch is turned OFF during Af is a monotonic function of the instantaneous analyte
concentration in the local environment. The concentrations experienced by the colloidal robot at
1, b, 3, etc. can be quantitatively read out from the respective branches. The two dimensions of
the memristor state map (the branches along y and trunk along x) therefore encode the two variables
of data we collect (analyte concentration and time, respectively), as seen in Figure 3-3F. The full
2D circuit simulation shown corroborates the design concept: The hypothesized sinusoidal profile
(the solid curve) is very well matched by the memristor states of the array (the 2D map overlaid
underneath). In the case of a realistic time trajectory recorded in a jacketed continuously stirred
tank reactor (100,101), the memristor array readout again conforms to the actual concentration
profile (Figure 3-3G), suggesting that colloidal robots equipped with a 2D memristor array could
function as ubiquitous, mobile sensor nodes within otherwise inaccessible chemical and

bioreactors.

51



5 20

Analyte Conc. [a.u.]
[y
o

0 : .| Elapsed
0 5 10 15, 20 25 Timet[min]
| :
I_ __________________________ I____I
! t;=16.25min | t,=20min
B 1 High concentration o : Medium concentration
I l
R

o

NN ‘\

D x Coordinate [um] E x Coordinate [um]

10 20 30 40 10 20 30 40

0 0
§ 10 £ 10
2 2
T m©
£ 20 £ 20
T T
e 8
O 30 O 30
N 0
ON ON
40 : : : : : 40 : : : : :
0 5 10 15 20 25 0 5 10 15 20 25
Elapsed Time [min] Elapsed Time [min]

F x Coordinate [pm] G x Coordinate [um]

10 20 30 40 10 20 30 40
€ €
= =
(] @
w ©
£ £
e 2
o o
Q o
O O
> >

40 : : . . : : : : : :
0 5 10 15 20 25 0 5 10 15 20 25

Elapsed Time [min] Elapsed Time [min]

Figure 3-3. 4: An example of a colloidal robot’s history to be recovered from the 2D memristor states. B and C:
Schematics of the 2D memristor array architecture at t = 16.25min and 20min, when the robot detected a high and
medium concentration of analyte, respectively. The different concentrations are reflected in the corresponding

branches as the different extent of switching. Blue, OFF; yellow, ON. a = 200. D and E: The 2D memristor states at ¢
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= 16.25min and 20min. The branches are sequentially activated over time, and each encoding the analyte concentration
of a certain ¢. F'and G: The final 2D memristor states of a robot experiencing a sinusoidal and realistic analyte profile,
respectively. The profiles overlaid on top as solid curves conform well to memristor array readouts. Parameter values

used in the simulations are listed in §3.8.3.
3.7. Feedback-Controlled Autonomous Drug Delivery

As an example of more complex colloidal robotic tasks of biomedical relevance, we consider
intelligent cargo delivery. Many works have shown that it can be accomplished at high precision
via external supervision and control (9,27,32,102), well suited for short-term biomedical
applications (11). Complementarily, for scenarios where external communication or localization

is difficult, or where the robots carry out long-term missions, autonomy is valuable.

Some passive drug delivery systems are occasionally referred to as autonomous microrobots. They
are typically polymeric particles responsive to local cues such as abnormal pH or certain
biomolecules (103,104). For example, a glucose-responsive insulin (GRI) analogue circulates
through a diabetic patient’s body unsupervised, releasing doses of insulin whenever the local blood
glucose (BG) level — a chemical cue — spikes. The GRI’s autonomy liberates the patients from the
burden of constant monitoring and painful injections (105-107). Compared to the autonomy,
however, the adaptability and modularity of these particles are limited. Using the GRI as a model
engineering application, we instead dock the memristor array circuit with an electric actuation
mechanism found in immobile implantable chips. Such an actuation scheme allows for scheduled
dosing of multiple medications (108—110), and the clean-cut electric switching enables controlled
and pulsatile delivery (108,111). Our architecture is illustrated in Figure 3-4A, where a drug-
loaded electric actuation module accesses a memristor array’s time-indexed data and delivers

cargo accordingly.

In an inhomogeneous environment, the analyte’s instantaneous local concentration modulates the
memristive states on the corresponding branch. Beyond (below) a threshold concentration (e.g., of
glucose, [G]m), memristors on the entire said branch would be switched OFF if equipped with
chemiresistors that are conductive at a higher (lower) concentration. If so, the voltage at the
terminus reaches a threshold Vi and actuates the release of a cargo electrically from either an

electroactive polymer pocket (112) or a microreservoir (113,114). Loading drugs into reversible
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electroactive polymers is a standard procedure in the literature (115). Therefore, a glucose-sensing
memristor array coupled with an insulin-loaded reservoir compose a microrobotic GRI, which we

simulate as a proof-of-concept.

We confirm the feasibility of the microrobotic GRI concept via in silico pharmacokinetic modeling
with PAMERAH (116), a published full-body diabetes model trained with rodent data (§3.8.4,
Figure 3-7). Given any user-specified reservoir kinetics, PAMERAH translates the electrical
response of a memristor circuit into a diabetic subject’s BG trajectory. Figure 3-4B(i) shows one
such trajectory corresponding to a particular memristor array with an insulin load of 0.018IU, a
reservoir release half-life #12 of 6h, and [G]m = 225mg/dL. The simulated colloidal robot performs
adequately as a GRI: Initially with a BG beyond the 240-mg/dL hyperglycemic limit (117), the
electrified reservoir releases insulin into the surrounding bloodstream. Owing to the quick release
kinetics, the GRI is able to bring the BG down to the non-threatening range within 2 hours — an
important criterion for good GRIs (118). By reversibly pausing the release whenever BG drops
below [G]m, the microrobotic GRI also prevents overdoses of insulin at all times (signified by BG
< 75mg/dL), which may lead to dangerous and sometimes fatal hypoglycemia (119,120). The
memristor array maintained the BG at a healthy level throughout the 24-hour period, during which

it effectively suppressed three postprandial (affer meal) glucose excursions within 2 hours.
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Figure 3-4. A: A microrobotic glucose-responsive insulin module can be built by appending a reversible voltage-
actuated insulin reservoir to the end of the memristor branches. When the chemiresistors detect a glucose concentration
higher than the threshold [G]m, the reservoir is activated and vice versa. B: Representative trajectories of a diabetic
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175, and 300mg/dL respectively. The deviations from an adequate GRI are highlighted in red. The three spikes in each
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trajectory correspond to BG hikes after meals. C: Pharmacokinetic modeling facilitates design of the microrobotic
GRIs by finding constraints for a qualified GRI on [G]w, insulin load, and the release half-life #,. D: The GRI
constraints are translated to optimal ranges of the memristor array’s circuit parameters (Vo, Ron, and a) via circuit
simulations. £: Spatiotemporal simulation of a swarm of 100 microrobotic GRIs responding to spatially localized BG
spikes with [G]wm of 225 mg/dL. The combination of closed-loop insulin release and ergodic diffusion allows the
microrobot swarm to regulate complex spatial distributions of glucose without the need for large amounts of

computation.

Moreover, we can optimize the memristor array for a maximized GRI efficacy via scanning the
parameter space with parallel runs of PAMERAH (Figure 3-4C). The scan returns the constraints
on [G]wm for an adequate GRI performance: Given a load of 0.018IU and a #12 of 6h, the memristor
array should be designed such that [G]wm falls between 180 and 290mg/dL. For a longer #1/2 of 12h,
the sluggishness in insulin release must be compensated by a tighter requirement on [G]an (210 to
240mg/dL) as shown. Figure 3-4B(ii) and (iii) exemplify poor GRIs corresponding to glucose
thresholds below and over the optimal range, leading to premature depletion of insulin and weak

BG regulation, respectively.

The GRI parameter requirements extracted from PAMERAH are translated by circuit simulations
into targets for array parameters like Vo, Ron, and the switching range o = Rorr/Ron. They are the
upstream knobs one turns when designing the robot. Regions shaded dark green in Figure 3-4D
encompass the permissible combinations of Vo, Ron, and « that yield a desired [G]wm for a #12 of
12h. Relaxed constraints on [G]m imposed by #1/2 of 6h in comparison translate to wider ranges of
circuit parameters, shown in light green. The geometry, which resembles a fragment of a melon
rind, is expected: Combinations of high Vo, Ron, and o (shaded red) result in fast switching along
a memristor array branch. The insulin release is triggered prematurely at a lower-than-desired BG,
corresponding to the oversensitive and non-lasting GRI in Figure 3-4B(ii). The opposite extreme,
shaded blue, conversely yields a threshold too high and a GRI not adequately responsive (Figure
3-4B(iii)). The simulation workflow, as demonstrated here and sketched as Figure 3-7, forms a
complete sandbox for testing and optimizing memristor array designs before any physical

prototype is built.

PAMERAH addresses the GRI’s system-level performance by modeling the full-body physiology
as a network of spatially uniform compartments. On the other hand, the spatiotemporal simulations

of a swarm of 100 GRI microrobots show that their ergodic diffusion alone creates the coverage
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required to regulate complex distributions of glucose without the need for large amounts of on-
board computation (Figure 3-4E, Figure 3-17, and §3.8.5). In the absence of glucose or insulin
diffusion, the inhomogenously hyperglycemic environment at z = 0 evolves over time until the BG

level universally drops to the healthy range.

The GRI simulations are a proof-of-concept demonstration of how a memristor array enables
autonomous cargo delivery via a feedback-controlled response to its surroundings. Thinking
further, we anticipate the memristor array platform to enable even more diverse cargo delivery
programs and beyond. For example, irreversibly activated reservoirs, such as an electrodeposited
polypyrrole film (112), could enable the administration of an emergency pulse of epinephrine
when a large amount of allergen is picked up by the chemiresistor sensors. Substituting a GRI’s
positive chemiresistors with negative ones, and hence establishing a lower threshold for glucose,
offers a viable path towards glucose-responsive glucagon delivery for hypoglycemia prevention
(120). The memristor array also offers a means to responsively administer multiple drugs either
simultaneously or sequentially, all the while recording the analyte concentration as memristor
states. The sequential, scheduled delivery is a particularly relevant application in the field of
chronotherapeutics (121,122), which adapts the treatment according to the patient’s circadian

rhythms via, for instance, separate day and night regimens.

3.8. Discussion

In this computational study, we design and demonstrate the capabilities of memristor-based arrays
that integrate timing, memory, sensing, and actuation on-board micrometer-scale robots. Instead
of miniaturizing the existing electronics used in macroscale robotics, we show that the distinct
functionalities can be combined into one lean circuit comprising only two-terminal resistive
elements; Among them, the memristors register to the memory, chemiresistors sense analytes, and
they collaboratively translate time into measurable resistance states. Throughout the study, we
make sure the design is accessible to a diverse assortment of technology platforms and material
systems, opening up avenues for high-throughput fabrication of complex autonomous robots from
inexpensive printing, stamping, and coating techniques. The simplest array may be constructed by

just laying down a continuous layer of memristive film between sheet electrodes. Our simulations
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further show that the potential variabilities in array fabrication and measurement are not a major

concern thanks to an error tolerance exceeding 20%.

It is worth noting that while the memristive switching process is increasingly well understood in
terms of the microscopic physics and chemistry, the time-dependent switching dynamics is rarely
considered for engineering applications. Its pivotal role in our array’s on-board awareness of time
elevates memristors beyond the role of individual datum-storage units in microrobotics.
Interestingly, as time is encoded spatially and sequentially thanks to the delay introduced by each
memristor, our design is well compatible with slow-acting, non-state-of-the-art memristors which

are otherwise considered unsuitable for computing tasks (123).

Beyond the basic task of registering the excursion time, we devise three extensions to the minimal
array to enable advanced capabilities not yet available to autonomous microrobotics. Based upon
prior reports of using reversible and irreversible chemiresistors as on-board sensor elements, we
design an array that senses and timestamps a major event, for instance encountering an oxygen-
rich leak of unknown location and size in a remote pipeline. Leveraging the planar nature of
patterning platforms, we expand the minimal array to two dimensions for collection and cataloging
time-indexed data, such as the time trajectory of a pollutant’s concentration. Finally, since the
sensing, memory, and timing functions all communicate via electrical signals, the sensor data
stored on-board is readily accessible to additional robotic components. As we quantitatively
confirm with circuit simulation and pharmacokinetic modeling, this allows an electroactive
polymer module to deliver insulin in a glucose-responsive and/or scheduled manner within a

diabetic patient.

Looking further, as we consider tasks that extend beyond those illustrated, circuits of more
involved topologies and connectivity within the planar memristor matrix can be designed. For
tasks that can be expressed as optimization problems, techniques from the fields of combinatorial
optimization (124), simulated annealing (125), optimal control (126), and pareto optimization (127)
can be used. For complex tasks that cannot be obviously framed as an optimization, recent
advances in the reinforcement learning literature can be applied (128). As memristors are simple
two-terminal elements, most automated design approaches will benefit from a substantial

complexity reduction relative to circuits based on three-terminal transistors.
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We note that this study is illustrative rather than exhaustive. While we examine memristors with
the most general switching behavior, certain memristive devices may exhibit experimental non-
idealities deviating from the simplest electromigrative drift depiction. For example, conductive-
bridging memristors typically require a one-time forming step before the memristors can be
repeatably switched ON and OFF (129). In the context of memristor array operation, skipping this
pre-treatment may give rise to faster sequential switching and thus a shorter timing window.
Another example is the recently reported “discrete state” memristor whose resistance switches
stepwise (130,131); Our simulations, in contrast, describe a continuously changing “analog”
resistance. Interestingly, these discrete state memristors may work even better in a memristor array
with a more pronounced and abrupt ON/OFF boundary. If desired, one may mathematically model
the details of these non-idealities by, for instance, introducing additional equivalent circuit
elements like capacitors and rectifiers (69,132). As mentioned earlier, however, this report adopts
the classical minimal model throughout for its simplicity and suitability for system-level
simulation. The model’s generality further echoes that our design relies only on the most
fundamental feature of memristors — the resistive switching, unaffected by nuances in the
mechanisms or material systems. In this study, we also consider each memristor array to
experience a uniform chemical concentration across its volume. The approximation is made on the
basis that the devices are significantly smaller than the scales of interest in typical microrobotic
applications, such as sensing in pipelines and reactors. This treatment is consistent with prior
studies on micrometer-sized sensor nodes, both mobile (39,41) and immobile (5,23). In the
presence of a large chemical concentration gradient, however, the approximation may become less
valid. One example is the gradient created by an H20: efflux immediately adjacent to a biological
cell (133). In such cases, micrometer-sized sensors can provide only a fudged average and a

qualitative temporal trajectory.

As we seek a general design that applies to diverse materials, we are unable to assert a single
quantitative performance metric attainable, such as an ultimate temporal resolution. That said, the
connection between material properties (e.g., i, Ron, and @) can be analyzed with the
nondimensionalized model in §3.9.1. Once a particular material system is selected, the temporal
resolution of a memristor array is capped by different factors in discrete and continuous arrays. In
a discrete array where the individual memristors are separate, the limiting factor is the number of

memristors one can package into a sub-100-um robot. This is in turn limited by the affordable
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spatial resolution of the patterning platform, which is on the order of a micrometer for printing,
stamping, and colloidal assembly. The limiting role is played by the measurement platform’s
spatial resolution, on the other hand, in the case of a continuous array where the memristors are
altogether embedded in a continuous memristive layer. For example, the x-y stage of a probe
station — the traditional platform for memristor measurement — typically offers a resolution of a
micrometer. If we use this probe to read the example memristor array in Figure 3-1H, the temporal
resolution can be as small as £1.8s for a time window of 15s and shorter. It gradually deteriorates,
however, to £26.3s after the cell-sized robot is stationed in the environment for 400s (Figure 3-
10), a consequence of the decelerating sequential switching which is visible in Figure 3-1H and
further analyzed in §3.9.1. The deceleration thus limits the array’s worst-case temporal resolution
and is mathematically a direct result of the uniform fixed resistors and constant voltage. As an
alternative to the probe station, conductive atomic force microscope has become a common tool
for memristor characterization (131,134,135), offering reduced measurement errors and more
importantly, a nanometer-range resolution (136,137). This, then, translates to a temporal resolution
of merely £0.03s at ¢ = 400s in the same benchmarking array simulated. As further analyzed in
§3.9.3 and Table 3-3, memristor array circuits may be designed and proper measurement platforms
selected to suit the temporal resolution demands of specific applications, such as sensing within a

microfluidic channel, an industrial-scale flow reactor, and the digestive system.

Lastly, while circuit simulations have been proven to be trustworthy and indispensable to modern
circuit design (138), experimental verifications are important in the case of microrobotics — a field
at the intersection of engineering, physics, chemistry, and sometimes biology. For instance,
experiments are needed to evaluate the stability of the memristors and chemiresistors over
prolonged exposure to the environment, which has been studied in air but not yet in solution. The
uncertain effects of unwanted absorbates, particle edges, and analyte diffusion on the sequential
switching phenomenon should also be elucidated. Looking further, we see this work paving the
way towards tools for multi-robot control, robot-to-robot communication, as well as self-

organization and swarming — some of the key open questions identified in microrobotics (139).
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3.9. Appendix A: Methods

The simulations in this work, including both the circuit simulations and pharmacokinetic modeling,

are performed in MATLAB R2020a (The MathWorks, Inc. of Natick, MA).

3.9.1. Simulation of a Discrete 1D Memristor Array

In a discrete 1D memristor array, such as the one simulated in Figure 3-1G, the N cross-plane
memristors are individually defined and bridged in between by resistors. The simulation of this
scenario is simple. We define the instantaneous memristance of the n'" memristor M, () € [Ron,
Rorr] and the resistance of the n™ fixed resistor Rr.. The lumped resistance of the array to the right

of the n'" memristor (itself included), Rix (£), can be expressed recursively as:
1, pt )7t
R,(0)=(M+R ) +R, (3-4)

At the terminus with the n™ memristor, R, =M, +R,,. With a supply voltage Vo, the combined

current passing through the power source /o () is thus:

]O(t):I/O/RLl (3-5)

By Kirchhoff’s first law, the current passing through the n™ memristor, I, (£), is:
n—l1 RL X
I )=\1,->1 |———— 3-6
0= o JZ; ")'M,+R,,, G-6)

Returning to the dynamics of a single memristor outlined in Equations 1-3, we arrive at the

memristor array dynamics here:
d MR
w ()= I(0)f (W 3-7
dt n() L2 n( )fW( n) ( )

1, Ron, and L are respectively the dopant mobility, the ON-state memristance, and the effective
device length L. The additional term, fw, is a window function dependent on the state variable
which enforces numerical stability and adds nonlinearity near the device bounds. A number of

window functions have been proposed in the literature, such as f,(w)=w-w’ |,
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Sun D) =1-[w=(1<0)]", fw(w)zl—[(w—O.S)z+O.75T,and Fu)=1-(2w=1)"" (68,72,140).

The last window function is used throughout this work, where p = 10. The instantaneous

memristance is defined by the state variable by:
M, (t)=w, (1) Roy +[1—wn (t)]-ROFF (3-8)

Setting the initial state variables of all N memristors to be 0.999, we can then trace the sequential

switching behavior of the memristor array by solving the ordinary differential equations in 3-7.

Like a continuous memristor array, the sequential switching slows down as time elapses if the
resistors bridging the memristors are identical. This phenomenon, described in §3.8 and §3.9.1
below, can be resolved in a discrete array via resistive tuning. That is, as the memristors and
resistors are spatially defined and separate, the individual resistances may be tuned by, for instance,
surface functionalization (38). Figure 3-1G shows the switching dynamics of a tuned 7-memristor
array where the intervals are uniform between each memristor’s switching and the subsequent one.
For the specific simulation, the tuned resistances of the 7 resistors are respectively 50.0, 7.5, 4.0,

3.2,3.2,3.6, and 6.0kQ.

3.9.2. Simulation of a Continuous 1D Memristor Array

As Figure 3-1H shows, an 1D memristor array can be made from a continuous phase of a
memristive material. In this case, the memristance M, of a standalone memristor is replaced by the
local memristance measured at a location x, or M (x, ¢). Similarly, the local voltage V' and
longitudinal current along x /i are now continuous functions of x and ¢ as well. As shown in Figure
3-5, we can treat each memristor node as an infinitesimal unit within an otherwise homogenous
layer of memristive material. In this limit, the spatial gradient of the local electrical potential down

the longitudinal direction is:

a—iV(x,t) = —Ry(0)1, (x.1) (3-9)

in accordance with the classical cable theory originally used to calculate the current and voltage
along neurons. Incidentally, the Nobel-prize-winning Hodgkin-Huxley circuit used to model a

neuron’s axon has a mathematically equivalent form consisting of memristors, bearing striking
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resemblance to the memristor array reported in our work (74,141). Note that since Rr (¢) in the
continuous model measures the instantaneous longitudinal resistance per unit length, it assumes
the unit of QQ/um. Anticipating experimental difficulty in doping the conductive surfaces with high
spatial resolution, we assume Rr is not made a function of x. It may, however, be a function of
time should chemiresistors be used such as in Figure 3-2, as the chemiresistance is modulated by
the time-dependent chemical analyte profile.

Rg(t) __IL(,X’t) Conductive surface
1 1

| ! | ] |

' ' ' ' l : Continuous
M(x,t) Memristive
hlx.t) Layer

Conductive surface

Figure 3-5. Schematic of the simulation of a continuous 1D memristor array fabricated by laying a continuous phase

of memristive ink between two conductive surfaces.

Accounting for the transverse current /m (x, ) per length that goes through the memristive layer,

we establish the following relation:

Vix,t) _ Vx,t)
M(x,0)  w(x,1) Ry +[1= w(x,0] Ry

iIL(x,t)z—IM(x,t)z— (3-10)
Ox

where w (x, ) is naturally the instantaneous state variable for the particular locality on the

memristive layer. Its dynamics is again described by Equation 3-1:

0 R
)= 2 L0y (3-11)

Note that the units for Im (x, ) and M (x, ¢) are respectively A/um and Q-um. Reorganizing
Equations 3-9 to 3-11 yields the following system of highly coupled, non-linear partial differential

equations (PDEs):
a_zV(x’t):RR(t)_ V(xat)
o’ Ry wW(x,t)+ [1 —w(x, t)] ‘a
(3-12)
L=t
ot L w(x,t)+[1—w(x,t)]~a
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where o = Rorr/RoN is the switching range of a memristor. We used the method of lines (MOL) to
simulate the PDE system by discretizing the spatial domain with a stencil of accuracy 2. We can
also nondimensionalize the PDE system to better understand its mathematical characteristics,

which is documented in detail in §3.9.1.
3.9.3. 2D Memristor Array Simulation

2D memristor arrays presented in Figure 3-3 feature 1D branch arrays along x grafted on a single
1D trunk array along y. The branch and trunk memristors, in addition to the circuit breaker
memristors which switch off a branch’s voltage access after a short window of time, are treated as
distinct circuit elements in this simulation for generality. They may, however, be identical in
practice if desired. For clarity, we define in Table 3-1 all quantities involved when simulating a

2D array.

Table 3-1. Physical quantities involved in simulating a 2D memristor array.

Symbol Definition Unit Value
Vi (x, ?) Local voltage on the trunk at location x and time ¢ [V] -
V(x,y,1t) Local voltage on the branches at location (x, y) and time ¢ [V] -
L (x, 7) Local longitudinal current on the trunk at location x and time ¢ [A] -
R, Resistance of fixed resistors on the trunk [Q/ pum)] 3x10°
Instantaneous resistance of chemiresistors on the branches at
R, (1) . (2] -
time ¢
RoN, x ON state resistance of memristors on the trunk [Q - um] 1 x 102
Ron, ON state resistance of memristors on the branches [Q - um?] 1 x10%
Ron, s ON state resistance of the circuit breaker memristors [Q - um] 1 x10?

State variable of the differential memristor on the trunk at

Wy (xs t) . . [_] [03 1]
location x and time ¢

State variable of the differential memristor on a branch at

wy(x, y, t - 0,1
r062.9) location (x, y) and time ¢ . 1011

State variable of the circuit breaker memristor for the branch

Wy (x, t) . . ['] [07 1]
at location x and time ¢

Switching range of memristors on the trunk, i.e., the ON/OFF

Ox . [-] 2 x 10?
ratio

oy Switching range of memristors on the branches [-] 2 x 10?

O Switching range of the circuit breaker memristors [-] 5x10°
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U Mobility of memristors on the trunk normalized by L2 [min V1] 4

Wy Mobility of memristors on the branches normalized L2 [min'V1] 3.5x10°

s Mobility of the circuit breaker memristors normalized L? [min'V1] 1x10°

We again start by applying the classical cable theory to the trunk:

oV (x,t)

R, (x.0) (3-13)
ox

The reduction of the longitudinal current along the x-axis is due to two factors: current flowing

through trunk memristors and that entering the local branch array:

Ay 1 V. (x.1) 1 o i
o Ron.. W, (x,t)+[1—wx(x,t)1ax +[Ry(t)8yV(x’y’t)] (3-14)

s+

Current via trunk memristors  Current via branch array

where s+ denotes the location right after the circuit breaker memristor along a branch array.

Combining the two equations above yields:

OV (x.t) 1 V(1) 1 e ]
ox? _RX{RONJ w, (x,t)+[1—wx (x,t)]ax (Ry(l‘) oy V(x’y’t)jﬁ} 1)

Along the y-axis, on the other hand, Equation 3-12 still applies for each branch array:

2 R
Rov,, w, (xot) + [ 1w, (xo021) Ja,

5 (3-16)

As with before, the state variables wx, wy, and ws are regulated by the currents going through the

respective memristors:

ﬁ _ V(x,y,t)

ot (v2.1) =4, w, (%, 3.0)+[1=w, (x..1) |a, Su(w)

a2 o Vx(x,t) }

at Wx(x;t) - lle Wx (x’t)+|:1—Wx ()C’t)]ax fW(W‘C) (3 17)
0 o Vo (x.0)=V(x,y,,.t) B 1 0

o A e [, (e Ja, T O T O R [Ry(t) o Y ’t)jﬁ
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The PDE system consisting of Equations 3-15 to 3-17 is again solved using the method of lines.
We discretize the x and y dimension respectively into N: and N; points with step sizes Ax and Ay.
As aresult, Vx(x, 1), V (x, y, 1), wx (x, t), wy (x, y, ), and ws (x, t) become Vi* (2), Vi j (£), wi* (£), wi,j
(%), and w?* (¥).

The current entering a branch can be discretized with a finite difference stencil of accuracy 2:

1 0 1
[%EV(X’)),I‘)JAw B 2AyRy (t) (—31/;’1 (t) * 4V;’2 (t) - V;’?’ (t)) (3-18)

The PDE system is then transformed into the following form:

dw, (t
14};1—/() =K7Y (t)RON,yV,‘J O fw (Wi,j)
t
B = O V@ 04 ODEs
dw (t) MR, ) |
e 2AYR, (t)[ V(O +4V () -V, (t)]fw ) »

y o[V 0=y, 0]+ (=30, () +4V,,()-V,,(]=0

20)R (1)
VA0 -{2+R (&) [77 0+ 7 O] ©+V:,(0)+ R, (&%)’ 77 (00, (¢) = 0 Linear Equations

V:’,j—l(t)_{z_’_Ry(t)(Ay)z 7f,j(t)} V,@O+V, ., 6)=0

1 —

where y, = {Roy, [w,, +(1=w, ), |} 5 70 = {Rox, [wi +(1-w)a, ]} T {Ron [ W +(1—w;)ax]}4 are

all functions of time. At each time point, therefore, we update voltages at all locations over the 2D
space by solving the linear equations. We then use these updated parameters, as well as the
chemiresistance Ry (¢) determined by the instantaneous analyte concentration, to progress the ODE
solution. To make use of MATLAB’s extremely efficient backslash operator, it is best to put the

linear equations in their matrix form:
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I 2-R(ri+n)(&) 1 Ry ()
. . v
L 2=R (47 ) (&) 1 Ry, (A : ,
% -2 % v, g
: 3 2 __ i o
n 2AVR, AVR, 2AVR, : _
0
V\.l .
: 3 2 b ! (')
Ty 200R, " AVR, 2MR, ol
1 2R, (&) ! ! 0
0
v,
1 -2-Ry,, (&) 1 et :
" 0
: [
1 2Ry, v (A) 1 : B
v
b -2 % Vo,
\%
A -2 %

(3-20)

where A is a N; (N;+1)-by-Ni (Nj+1) square matrix and V is a N; (N;+1)-by-1 vector. At each time
point, the linear equations are then solved simply by computing V = A\B. For the simulations

shown in Figure 3-3, all w, w*, and w* are set to 0.999 initially.

We finally address the calibration of 2D memristor arrays illustrated in Figure 3-6. As discussed
and mathematically analyzed in §3.9.1, the ON/OFF boundary propagates slower with time. In the
context of a 2D memiristor array, the voltage is initially passed down the trunk (x-axis) swiftly but
slows down gradually: Figure 3-6A shows that although a 2D memristor array can log a temporal
sinusoidal profile, the corresponding map of raw memristor states is skewed, with the original
periodic oscillation compressed at later times (i.e., larger x). We consequently calibrate the x-axis
so that the memristor states faithfully represent the form of the sensed chemical profile. The
calibration relation between elapsed time and coordinates along x, such as the one shown in Figure
3-6B, is established with a quick 1D simulation of just the standalone trunk array. Specifically, we
track the frontier location of the ON/OFF boundary, defined as the x coordinate where w = 0.99,
as a function of time. Rescaling the x coordinates of the raw data with the calibration relation yields
the periodic readout shown in Figure 3-6C, where the peaks and valleys map very well onto those
of the sinusoidal profile sensed by the array, despite the deteriorating resolution at later times. The
result validates using a 1D memristor array as a proxy for the trunk, suggesting that the branches
impact only to a minimal degree the sequential switching along x. We note that the calibration
relation is an intrinsic property of the circuit and independent of the analyte profile: the same

calibration relation is applied to Figure 3-13Figure 3-16.
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Somewhat surprisingly, the analyte-responsive sequential switching along the branches (y) is
unaffected by the distortion along x. For example, while the four peaks in Figure 3-6A are not
evenly spaced along the x dimension, they correspond to the same y location on the branches. A
more telling example is given in Figure 3-15A, where the constant profile is not distorted along y
and the final ON/OFF boundary locations on all branches are identical. This observation is caused
by the deceleration along x and that along y cancelling each other. As §3.9.1 shows mathematically,
the slowing switching further down the trunk is a direct result of the lower voltage across the
memristor. Incidentally, this is the same voltage sustaining the switching of the corresponding
branch. The sluggish switching along y, caused by the lower input voltage at the trunk, is therefore
sustained for a proportionately longer time window as the propagation along x slows down as well.
The two factors thus cancel each other and ensure the same analyte concentration always

corresponds to the same set of memristor states on all branches.
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Figure 3-6. Calibration of a 2D memristor array. 4: Memristor states as measured show that the ON/OFF front
resembles the sinusoidal analyte profile but is distorted. B: A calibration relation between location of the activated
branch on x and time can be established by simulating the trunk as a 1D memristor array. C: Scaling the x-axis with

the calibration location yields a memristor state map that agrees well with the sensed analyte profile.

3.9.4. Pharmacokinetic and Circuit Simulations of Glucose-Responsive

Insulins

In §3.7, we optimized the design of a microrobotic glucose-responsive insulin (GRI) through
circuit and pharmacokinetic simulations. While the latter determined constraints on the
intermediate GRI parameters such as the threshold glucose level [G]m, they are translated by circuit

simulation into optimal ranges of memristor array parameters such as Vo, Ron, and a (Figure 3-7).
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We used a pharmacokinetic model named PAMERAH that has been published and validated in
the literature (116). The model is composed of two parts: a physiological model of the full-body
glucoregulatory system and a user-defined GRI kinetics. As seen in Figure 3-8, the physiological
model approximates the organs participating in glucose metabolism as an interconnected network
of well-mixed compartments, in which glucose, glucagon, native insulin, and GRI are circulated,
produced, consumed, or cleared. For example, the concentration of active insulin [I] in the adipose

compartments is governed by:

dfl], Vi
(L) N S Ry N 3 D R (3-21)
a vV, V., —
Changes due to GRI action
Inflow and outflow Transcapillary diffusion

The subscripts v and i denote vascular and interstitial volumes respectively. 7r is the transcapillary
diffusion time constant, /' the adipose compartmental volumes, and Q the local blood flow rate. In
PAMERAH, a GRI affects glucoregulation via the final rGri term, which depends on the mode of
action of the particular GRI. Readers are referred to the original publication for the detailed
mathematical formulations. In the current work, we did not modify the physiological model and
only specified the glucose-responsive release kinetics of our microrobotic GRI. If at a certain time
the insulin reservoir contains N1 units of insulin to be released and the local glucose concentration

sensed is [G], the instantaneous release rate is:

o =— L = {1+exp[025([G1-[G],, )]} (3-22)

Glucose responsiveness

Nonlinear depletion

where V' is the compartmental volume. The first term on the right-hand side signifies that the
release becomes slower as the reservoir depletes, characterized by the half-life #12. The second
term takes care of the glucose responsiveness: minimal insulin release for [G] < [G]m and vice
versa. Note that in a microrobotic GRI, this comparator is realized with the voltage passed down
to the branch terminus. If the terminus voltage exceeds a threshold voltage Vi, the reservoir is
activated. As a result, [G]m is an intermediate parameter dependent upon circuit parameters like
Vo, Ron, and a. For the simulation in Figure 3-4C, we started with 100 robots each with an initial
reservoir load (Nio) of 0.007 to 0.018 IU. Assuming a 2500 pum? reservoir filled with 20%wt of

insulin (142), each robot has an insulin capacity of 14.4 IU, some three orders-of-magnitude more
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than the conservative range we chose. The ranges we explored for 712 and [G]m are respectively
0.5 to 18 hours and 100 to 300 mg/dL. We simulated the GRI’s action in a model parameterized
previously with data from male Lewis rats (116). By definition, a satisfactory GRI should:

(1) maintain the blood glucose concentration with in the normoglycemic range — 75 to 240
mg/dL for rats (117) — for 24 hours unless the GRI is just administered or a meal is consumed;

(i) bring the initial hyperglycemic glucose level down to the normal range within two hours
following the GRI’s administration;

(i11) curb the postprandial glucose hikes by returning the glucose level to the normal range within
two hours following 1 g/kg oral glucose meals.

Mathematically, any deviation from the said criteria is counted towards either a hyper- or

hypoglycemia risk score. Only GRIs free from both risks are considered adequate, which are

represented by the shaded region in Figure 3-4C.

The subsequent circuit simulation is straightforward and not so different from the earlier sections.
Considering the computational efficiency, we approximated the dynamics of each memristor
branch as a standalone 1D array described in §3.8.2. The approximation is valid as the distance
travelled by a branch’s ON/OFF boundary along y is independent of the branch location x on the
trunk, evidenced by the final memristor states in a sinusoidal profile (Figure 3-3D) as well as
Figure 3-15A. In a 2D memristor array, each branch is supplied power for only a short window of
time. This temporary voltage input to the branch, Vo (¢), is approximated as a Gaussian pulse with
a peak voltage ranging from 0.5 to 5V and a standard deviation of 20min. The peak location is
inconsequential so long as the entire pulse is supplied. Note that the Gaussian approximation is
exact if the transmission line model is adopted (§3.9.2). The variable resistance of the branch

chemiresistors Rr is ultimately a function of the analyte concentration, in the GRI case [G]:

R, ([G]) = [1+100tanh([G] - 15%00)]1 MQ/um (3-23)

which follows the theoretical fit used in Koman et al. (39). This chemiresistor offers a 20-fold
reduction in its resistance as the analyte concentration increases from 150 to 250mg/dL, which is
within the typical range of chemiresistor responsiveness. Furthermore, the sensor sensitivity is

reduced towards larger [G], typical of chemiresistors as well.
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The voltage passed down the 1D memristor array as a function of time is tracked by an ODE solver.
For a specific combination of the peak voltage, Ron, and a, we can find a corresponding threshold
glucose concentration [G]wm (V0, RoN, ) that causes the maximal voltage at the branch terminus to
reach Vi = 0.15V. The insulin reservoir is set to be 75um away from Vo. We may then compare
the corresponding [G]wm with its desired range from the pharmacokinetic model to determine if the

Vo-Ron-a combination is acceptable (Figure 3-7B).

A Release Half Life
~ " Insulin Load ) BG Trajectory i :
(G |
—_—
B . CIRCUIT ) PHARMACOKINETIC
SIMULATION MODELING
) Acceptable

GRI Performance

Figure 3-7. 4: Starting with a set of circuit parameters such as Vo, Ron, and a, we run circuit simulations to obtain the
corresponding threshold glucose level beyond which the insulin reservoir is activated by the terminal voltage. [G]n
and the reservoir parameters are then used to predict the GRI’s performance in the body of a diabetic subject. B: The
parameter optimization process goes the opposite way. Based on criteria for adequate GRIs, requirements on the GRI
parameters can be established via pharmacokinetic modeling. With circuit simulations, optimal ranges of the circuit

parameters are then found which would yield acceptable GRI parameters.
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Figure 3-8. Schematic of PAMERAH’s physiological model. The blue and red arrows represent respectively the
circulation of glucose and insulin/GRI. Adapted from Ref. (116).

3.9.5. Spatiotemporal Simulations of a Microrobotic GRI Swarm

This simulation is designed to be illustrative of the use of microrobotic GRIs to regulate nontrivial
spatial distributions of glucose over an environment (e.g., glucose agglomeration in specific
tissues). We begin by framing the assumptions and design choices of our microrobotic GRI swarm
simulation. First, we do not endow the glucose and insulin concentrations with diffusive dynamics.
This choice is made so as to illustrate the role movement and spatial effects play on the
performance of the microrobotic GRIs in an environment with persistent structural features.
Otherwise, the initial glucose and insulin distributions diffuse evenly through the simulated
volume, making the glucose regulation problem spatially homogenous and visually opaque. Here,
by insisting on spatially heterogenous glucose concentrations, we highlight the dynamic nature of
the closed-loop insulin release of each microrobotic agent. Second, we assume that due to well-
mixed flow conditions the agent dynamics are captured by Langevin diffusion with drift (i.e., a
spatially isotropic diffusion tensor with a linear drift term capturing a net flow). An important note

is that in this class of diffusion processes (or flow conditions) the movement of particles through
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space is ergodic. That is, for any finite volume of space particles are guaranteed to visit every
location in space in a finite amount of time (also referred to as achieving coverage over the space).
Third, we make use of periodic boundary conditions to maintain a constant microrobot density

without the need for deploying additional agents over time.

The simulation procedure itself requires tracking and evolving the state of three different objects
over time: The environmental glucose concentration [G] (x, y, z, f), the environmental insulin
concentration [I] (x, v, z, t), and the state of each agent. The state of glucose and insulin
concentrations are given by the local levels of each chemical throughout the environment domain,
and their joint evolution is described by a simplified set of coupled ordinary differential equations

adapted from the PAMERAH model (116):

d|[GRI In 2[GRI -1

dieRl - _ In2GRI {1+exp[-0.25(1G1-[G],,) ]}

JL, L " — ,
Depleﬁon of reservoir Nonlincar depleﬁon UCOSE responsiveness

d[G] _ B

(= o e [ 6.28+6.52tanh (0.78[1]-1.98) | (3-24)
Glucose uptake rate \ Impact of insulin on glucose uptake rate ‘
d [%t — e~ [11/9.39
Insulin clearance rate

At each moment in time, the insulin released by each agent is added locally to the environmental
insulin distribution, which then jointly evolves with the glucose distribution according to their
coupled dynamics. The variables and their values are listed in Table 3-2. With only these basic
interactions, agents are able to regulate glucose levels via closed-loop insulin release. To simulate
the environmental glucose-insulin dynamics we make use of a fourth-order deterministic Runge-
Kutta scheme. The state of each agent is given by their location in space, as well as the amount of
insulin in their internal reservoir [GRI] (i, #). Since the insulin reservoir levels deplete according
to a simple nonlinear function of the local glucose levels, we make use of a computationally
efficient Euler scheme to describe the slow-moving insulin reservoir dynamics of each agent. To
integrate the stochastic differential equations describing the diffusive trajectories of each
microrobotic GRI over time we make use of a stochastic second-order Runge-Kutta scheme. At
each time step, all agents move one step, measure their local glucose levels, release insulin to the

environment in response, update their insulin reservoir levels, then the glucose and insulin
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distributions interact and evolve. This main simulation loop is repeated with a time resolution of

0.1s for 100 microrobotic GRIs for the duration of the simulations in the manuscript.

Table 3-2. Variables and their values used in the spatiotemporal simulations of a GRI swarm.

Symbol Definition Unit Value

Concentration of remaining insulin in the 3
[GRI] (4, ©) mU/L [GRI] (i, t=0)=7.12x10

reservoir of the i agent

[1] (x, v,z ) | Local concentration of insulin at (x, y, z) mU/L 1] (x,y,z,t=0)=0

[G] (x, y,z,£) | Local concentration of glucose at (x, y, z) mg/dL [G] (x,y,z,t =0) €[230,425]
FGRI Rate of insulin release mU/L/min -

PPucoscuptake | Base rate of glucose uptake mU/L/min 1.67

Threshold glucose concentration beyond
[Gln o ) mg/dL 225
which insulin is released from the reservoir

tn Reservoir half life min 360

3.10. Appendix B: Supplementary Simulations and Analyses
3.10.1. Nondimensionalized Model of the 1D Memristor Array

Equation 3-12 governing the 1D memristor array dynamics can be nondimensionalized as

follows:

o°U U
ox? w+[l—w]-a

(3-25)
ow U

Jw

or w+[1—w]-a

where U(X,7)=V(x,0)/V,, X =xR,(?)/Rsy , and rz(uVO /Lz)t are the dimensionless voltage,

location, and time, respectively. U and w are both functions of X and z, and fw denotes the window
function of choice. While we used the dimensional simulations earlier to put the actual electrical
element parameters in quantitative perspective, the nondimensionalized model in Equation S22 is
easier to analyze and particularly helpful in elucidating the deceleration of an array’s ON/OFF

boundary at a later time. This phenomenon is visible in Figure 3-1H and discussed in the
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Discussions section. If we adopt the quasi-steady state approximation and view w as just a function

of X for a given time, Equation S22 becomes an ODE of U:

d’U 1
dx? w[l-w]-a

U (3-26)

Qualitatively, as the voltage polarity stays the same along the memristor array for a fixed source
and |U (X > 0)] < |U (0)|, magnitude of the voltage unavoidably diminishes further away.
Qualitatively, if we make the easy but numerically inaccurate assumption that w is uniform, the
voltage profile can be analytically solved and U exponentially decays along X. In reality, the
memristors further away remain ON while the ones closer to the voltage source start to be switched
OFF not too long after + = 0. In the region already affected by the voltage source, then, the
distribution of w is approximately linear. Solution of this ODE suggests that the voltage
distribution along the array takes the form of a modified Bessel function, which also decays with
X. Substituting the decaying U into the second PDE in Equation S22 reveals how memristors
further away switch slower. As described in §3.8, the decelerating sequential switching further
away from the voltage source limits the usable length of a continuous memristor array: Beyond a
certain x, the sluggish propagation of the ON/OFF boundary can no longer be detected due to the
measuring probe’s spatial resolution. The limitation is fortunately countered by the increasing
availability of high-resolution characterization platforms like conductive atomic force microscopy
(cAFM), which presents a thousand-fold enhancement compared to traditional micromanipulator

probes. In a discrete memristor array, on the other hand, resistive tuning may be used (§3.8.1).

3.10.2.2D Memristor Array with a Transmission Line

In addition to grafting memristor array branches onto a memristor array trunk, we studied the
feasibility of voltage propagation by a transmission line due to its mathematical simplicity and
uniform speed. The transmission line, or telegraph line, which supplies voltage to the branches in

this design, is governed by the elegant telegrapher’s equations by Heaviside:

GLAC N (C) S
ol o ov (3-27)
—éx”) =, VED Gy

X
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Coupling Equation 3-27 with Equation 3-12 which describes the 1D memristor array dynamics,

we arrive at the governing system of PDEs:

V(0,0 __ A0

™ - - R, I1(x,0,1)

ol (x,0,1) _ _C, oV (x,0,1) G,V (x,0,6) + oV (x,y,t)

ox ot R, (1)dy i

3-28
o RO v o2
=V (xeyt)=
oy Ron w(x,y,t)+[1—w(x,y,t)]a
V(x,y,t)

~ 5 9t =

wlort)=#, w(x,y,t)+[1—w(x,y,t)]afw

V(x,0,t)and I (x, 0, f) are respectively the voltage and current on the transmission line. L, CT,
Gr, and Rt are parameters describing the telegraph line characteristics, among which the latter two
determine the energy loss. As with previous simulations, w € [0, 1] represents the instantaneous

state variable that determines the local memristance at (x, »):

M(x,y,t)= { X, y,t)+[1=w(x,p,t) e }RON where o is the switching range and Ron is the ON-state
memristance with the unit of Q - um? (¢f. Ron, yin Table 3-1).

Again, we simulated the set of PDEs in Equation 3-28 with the method of lines. We approximated
the spatial derivatives via finite differencing of accuracy 2, transforming the PDEs into a system

of ODEs:

ol (¢ 1 T
lét()z_ZL Ax[ Via (0 = 11(0] 111(0
v, ® _ [ LO—1, (1)] =3V, () + 4V, () =V, (1) ODEs
ot 2C,Ax 2GR, ()AY (3-29)
awi,j>l( ) _
T‘ :u}/i,jRONI/i,j(t)fW

V;,j—l(t)_|:2+7/i,jR)’(t)(Ay) :|V (t)+V/+1(t) 0

where 7, ;(t) = {RON [Wu +(1—Wi, ; )a]}il . The (i, j) tuple refers to the location at the i" node along the

x axis and /™ node along y on the mesh with a resolution of Ax by Ay. The voltage pulse Vo (£) is
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initiated at (1, 1). As with §3.8.3, the linear algebraic equation in Equation 3-29 can be solved
efficiently with the backslash operator:

-1
\% 1
'1'1 ) V1,1
VN,,1 1 VN,,l
V1,2 1 131,2 1 0
V= ‘/i,j = 1 ﬂ,',j 1 0 (3-30)
VNX_,N/_1 1 ﬂNI,N 1 1 0
Vl N; - 12 -2 % 0
v % 2 %) L0
NN, 2 2

where g, (t)=-2- ;/1.,].Rv(t‘)(Ay)2 and any Vi 1 (¢) is updated from the differential equations. The

ODEs are solved as a standard initial value problem with the initial condition of w = 0.999 at all
locations. For each branch to receive only temporary power restricted to a short time window, a
voltage pulse is applied at (0, 0) and passed down the trunk along x. For the simulations in Figure
3-9, we used no-flux boundary conditions at large x and y, as well as a transient voltage input at
(0, 0) in the form of a Gaussian pulse with a peak voltage of 5V and a standard deviation of 10min.
This 2D memristor array powered by a transmission line works well for both a sinusoidal and a
realistic analyte profile, evident from the agreement between the profiles and the ON/OFF fronts.
Furthermore, the memristor states are not distorted as in §3.8.3 thanks to the constant propagation
speed along the transmission line, and hence no calibration is required. Nonetheless, we note that
the transmission line 2D array is more of an analytical tool than an engineering design, considering
the challenges involved in patterning micron-scale inductors as well as the large LTCt product
required to slow down the trunk transmission. In comparison, a trunk in the form of a memristor
array — the design we eventually chose — can be designed with experimentally relevant parameters

and fabricated by facile patterning of materials.
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Figure 3-9. 4 and B: Simulated final memristor states of a 2D memristor array powered by a transmission line. The
ON/OFF fronts conform well to both the (4) sinusoidal and (B) realistic temporal analyte profile shown as black
curves. The transmission line (trunk) parameters used are: Cr = 0.18F/um, Lt = 0.6MH/pum, Rt =0, and Gr =0, i.e.,
a “lossless” line. The branch parameters are: u, = 0.05s'V!, & = 10, and Ron = 50kQ. The realistic profile is extracted

from Ref. (101).

3.10.3. Further Analyses of Application-Specific Temporal Resolution

Constraints

We described in §3.8 how the sequential switching in a memristor array slows down over time.
This feature leads to a high temporal resolution attainable earlier on, which gradually worsens as
time elapses. For example, Figure 3-1H shows that the same spacing among the ON/OFF
boundaries corresponds to a larger time window at a larger ¢. In this section, we further analyze
how memristor arrays can be designed and measured such that even the worst temporal resolution
towards the end of the robot’s journey can suit the intended application. Note that the minimum
resolution an application requires typically scales with the residence time; A task over the course

of several hours typically do not require each second to be accounted for.

The 1% row of Table 3-3 shows that the memristor array studied in Figure 3-1H offers sufficient
temporal resolution to pinpoint, within a 6-stage microfluidic chip reactor, which stage
corresponds to a recorded event. However, the same memristor array fails to provide enough
temporal resolution in an industrial flow reactor with a tenfold residence time (2" row) if it is still

read with a micrometer-resolution probe station.

We present two solutions to enhance the resolution. First, as thoroughly discussed in Discussion,

an array’s temporal resolution at each timepoint is ultimately limited by the spatial measurement
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resolution of the readout platform. As a result, enhancing the spatial accuracy of circuit readout
effectively helps tell apart ON/OFF boundaries corresponding to different times, even when ¢ is
large (3™ vs. 2" row, also Figure 3-10). This can be achieved by, for instance, replacing the probe
station with cAFM, which is an alternative tool for memristor characterization (134,135).
Alternatively, the memristor array parameters may be designed differently to suit the temporal
resolution this specific application targets (4" vs. 2" row). Similarly, we designed a memristor
array to satisfy the requirements of a canine GI tract sensor as well (5" row). While the final
(worst-case) temporal resolution is +£28.5min at the end of 8 hours, the resolution is at least

+7.2min within the first 2 hours and +3.6min within the first hour, as expected.

Table 3-3. Analyses of memristor arrays designed to satisfy the temporal resolution requirements of several

specific application scenarios.

. Worst-Case Temporal
Typical Memristor Array Parameters Spatial
Resolution®
Example Application Ref. Residence Measurement
) wL? Rr .
Time o Resolution Target Simulated
[s'V1] | [k€Q/um]
6-stage microfluidic +1pm
) (143) 7min 1° 1.75% 100° ) +35s¢ +27.6s
synthesis (probe station)
+lpum
Industrial flow reactor | (144) 70min 1 1.75 100 ) +210s +251.5s
(probe station)
. i +1nm
Industrial flow reactor | (144) 70min 1 1.75 100 +210s +0.25s
(cAFM)
) ) +lpm
Industrial flow reactor | (144) 70min 1 1° 100 ) +210s +190.1s
(probe station)
Canine gastric +lpm
) (145) 8hr 1 1.75 100 +30min +28.5min
emptying (probe station)

2 Because the temporal resolution is varying over time, we consider here the minimum (worst-case) temporal

resolution towards the end of the residence time and compare it to the minimum requirement (the target resolution)
specific to each intended application. The temporal resolution is much higher earlier on in all cases.

This set of memristor array parameters is identical to that simulated in Figure 3-1H as well as Figure 3-10 below.
Both simulated parameter values of Rg = 1kQ/um and 1.75kQ/um are consistent with material properties reported

in the literature. For example, the sheet resistance of a graphene film ranges from 2x10? to 6x10°Q/[] depending

on the method of synthesis and chemical modification (146,147). This corresponds to an Rr between 0.4 and

1200k€/um assuming a 2um-wide 1D memristor array.
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4 The target temporal resolution of +35s is chosen such that even in the worst-case scenario, one stage out of the 6-

stage microfluidic platform can be identified which corresponds to the sensing event picked up by the memristor

array.
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Figure 3-10. 4: The simulated relation between the ON/OFF boundary location along a continuous 1D memristor
array and time elapsed shows that the sequential switching slows down gradually. This relation is calculated the same
way as the calibration curve used for correcting a 2D memristor array as discussed in §3.8.3. The red box corresponds
to the magnified region shown in (B). B: The spatial resolution of a traditional probe station measurement platform,
which is approximately 1pum as marked by the vertical interval, translates to a temporal resolution of £26.3s at ¢ =
400s shown as the horizontal dashed lines. C: In comparison, the nanometer-range spatial resolution of a cAFM
drastically refines the temporal resolution to +0.03s. D: The temporal resolution as a function of time and the spatial

resolution of the measurement platform.

3.10.4. Overview of Additive Fabrication of Memristor Arrays

The design of an array of memristors connected in parallel is inspired by previous findings that
matrices of memristors can be facilely stamped out en masse from materials additively stacked
together, a technology termed autoperforation (38). Specifically, as seen in Figure 3-11A, user-
defined inks are printed onto a 2D sheet of graphene, MoS2, or hexagonal boron nitride in the form
of a dot array. The ink can be made memristive by, for instance, compositing polystyrene beads
with black phosphorus or MoS2 nanoflakes. Subsequently, a second 2D sheet is transferred on top,
thereby forming a sandwich stack. Finally, the said stack is lifted off in solution, during which
individual microparticles are “stamped out” and collected, the size of each dictated by the size of
the printed ink disc (20 to 1000um in diameter). The height of each microparticle is typically less

than a micrometer, thus making the particles effectively planar.
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Mechanistically, the particles are cut out from a continuous materials stack by strain-guided
fracture. Seen in Figure 3-11B, the strain field imposed by the printed ink disc ensures any crack
in the materials propagate along the disc’s periphery, acting like a pair of invisible microscopic
scissors. The autoperforation technique does not require the ink spots to be printed. Alternative
micrometer-scale additive platforms like stamping, coating, and colloidal self-assembly are

applicable as well.

Figure 3-11C presents the full set of data from which Figure 3-1F is adapted. Parts of the 3-by-5
grid on a single memristive microparticle, defined by the measurement probe, can be selectively
switched ON by applying a writing voltage to each spot. The letters “M”, “I”’, and “T” spelt out on
the same autoperforated particle demonstrate that each particle is equivalent to an array of cross-
plane memristors wired in parallel. Of note, the technology has been shown to be highly
customizable, as the microparticle’s size, geometry, and ink compositions are all tunable. More
importantly, the fabrication process allows for facile surface chemical modifications and
patterning as well (83). For the current work, this enables spatial tuning of surface resistivity (RRr)

as well as definition of memristor array branches.

2D sheet

@ Printer ZD sheet A

.‘ ill K:: , mllz .1

-

P 2 OFF

Figure 3-11. 4 and B: (4) Overview of the autoperforation process for fabricating micrometer-scale ink particles
encapsulated between 2D sheets. (B) Microscopic process of the fracture-assisted lift-off step during which
microparticles are stamped out of the continuous stack of materials. Scale bar, 100pm. (C) Selective switching
experiments demonstrated that each memristive microparticle is effectively an 2D array of memristors connected in

parallel. Scale bar, 100pum. All panels are adapted from Ref. (38).
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3.11. Appendix C: Supplementary Figures

A Memristor Timer B Galileo Thermometer
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Figure 3-12. 4 and B: The 1D memristor array (4) records time exactly how a Galileo thermometer (B) records
temperature. The simulated data in panel (4) are identical to those in Figure 3-1G but are visualized differently to

show the parallelism.
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Figure 3-13. 4 and B: States of a 2D memristor array at £ = 20min simulated with a (4) coarse and (B) fine degree of

branch discretization with a resolution (Ay) of 0.25 and 0.125um, respectively. The simulations are comparable.
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Figure 3-14. 4 and B: States of a 2D memristor array at # = 20min simulated with a simulation boundary at (4) x =

100pm and (B) x = 80um. The comparable results suggest that a dimension of 80um along x is sufficient for the time

span.
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Figure 3-15. 4 and B: States of a 2D memristor array at £ = 40min responding to (4) a constant and (B) a linearly
ramping profile. Note the absence of distortion across all branches in (4). The agreement between the linear profile in

(B) and the linear ON/OFF front demonstrates the use of the calibration process.
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Figure 3-16. A-D: States of a 2D memristor array at # = 40min responding to analyte concentration profiles with (4)
a smooth pulse, (B) an abrupt pulse, (C) two closely spaced smooth pulses, and (D) two closely spaced abrupt pulses.
The smooth profiles (4, C) are modeled following Ref. (99) as Ry(f) =5+ 10/[1 + (¢t —5)*] and R,()) =5+ 10/ [1 +
(t—5)% + 10/ [1 + (¢t — 10)?], respectively. The square profiles (B, D) respectively follow R(7) = {15, € [3, 7]; 5,
otherwise} and R,(7) = {15, ¢ € [3, 7] U [8, 12]; 5, otherwise}.
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Figure 3-17. Progression of the spatial distribution of insulin released over time by a swarm of 100 microrobotic
GRIs with a [G]wn of 225 mg/dL in response to the glucose distribution shown in Figure 3-4E. When the microrobotic
agents sense a local glucose level above the threshold they release insulin in accordance with the measured magnitude.
This closed-loop insulin release in concert with their diffusive motion allows the robots to regulate glucose levels over

the spatial domain. As the agents successfully reduce glucose levels, they release less insulin over time.
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CHAPTER 4

Connecting rodent and human pharmacokinetic models for the

design and translation of GRIs

This chapter has been adapted from:

Jing Fan Yang, Xun Gong, Naveed A. Bakh, Kelley Carr, Nelson F. B. Phillips, Faramarz
Ismail-Beigi, Michael A. Weiss, and Michael S. Strano. 2020. “Connecting Rodent and
Human Pharmacokinetic Models for the Design and Translation of Glucose-Responsive

Insulin.” Diabetes 69(8):1815-26.
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4.1. Abstract

Despite considerable progress, development of glucose-responsive insulins (GRI) still largely
depends on empirical knowledge and tedious experimentation — especially on rodents. To assist
the rational design and clinical translation of the therapeutic, we present a Pharmacokinetic
Algorithm Mapping GRI Efficacies in Rodents and Humans (PAMERAH), built upon our previous
human model. PAMERAH constitutes a framework for predicting the therapeutic efficacy of a
GRI candidate from its user-specified mechanism of action, kinetics, and dosage, which we show
is accurate when checked against data from experiments and literature. Results from simulated
glucose clamps also agree quantitatively with recent GRI publications. We demonstrate that the
model can be used to explore the vast number of permutations constituting the GRI parameter
space, and thereby identify the optimal design ranges that yield desired performance. A design
guide aside, PAMERAH more importantly can facilitate GRI’s clinical translation by connecting
each candidate’s efficacies in rats, mice, and humans. The resultant mapping helps find GRIs
which appear promising in rodents but underperform in humans (i.e. false-positives). Conversely,
it also allows for the discovery of optimal human GRI dynamics not captured by experiments on
a rodent population (false-negatives). We condense such information onto a translatability grid as

a straightforward, visual guide for GRI development.
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4.2. Introduction

Diabetes mellitus (DM) is a growing condition affecting upwards of 425 million people worldwide
with a healthcare burden of 727 billion USD in 2017 (1). In the US alone, the total estimated cost
of diagnosed DM exceeds $320 billion yearly, which saw a 26% increase from 2012 to 2017 (2).
The condition is marked by high blood glucose levels, or hyperglycemia, resulting from either
impaired insulin production (DM type 1) or insulin resistance (DM type 2). If left unchecked,
hyperglycemia can result in organ damage, disabilities, and other life-threatening complications
(1). Insulin, the 51 amino acid hormone secreted from pancreatic B-cells, remains a mainstay

therapeutic for all diabetics.

Conventionally, glycemic control is accomplished by scheduled insulin injections and regular
blood glucose monitoring. The open-loop nature of such a dosing scheme renders substantial
patient compliance a requirement. Alarmingly, three quarters of physicians reported non-
adherence to the prescribed regimen in their patients, which can be attributed to both the
uncomfortable and time-consuming nature of the traditional therapy (3). The intrinsic drawbacks
of an open-loop therapy are further highlighted by factors such as: inter-individual variations, the
lag between blood glucose measurement and insulin administration, delayed absorption, as well as
the conservatism in dosing due to hypoglycemia concerns (4,5). Resnick et al. estimated that the
desired glycemic control is not achieved by half of the diabetic patients surveyed (6). Efforts have
thus been aimed towards a closed-loop, automated system in which insulin dosing is modulated in
accordance with the real-time glucose concentration in the patient’s bloodstream, akin to a
functional pancreas (7). Recently, integration of continuous glucose sensing and insulin pumps has
shown promise in hypoglycemia reduction and sustained blood glucose suppression, although it is
currently still expensive and associated with increased risks of complications such as infection,

inflammation and scarring (8).

An alternative is the concept of a glucose-responsive insulin (GRI). In the absence of external
devices, these therapeutics achieve controlled insulin activity in response to the local environment
through their glucose-binding chemistries and subsequent triggered insulin release or potency
enhancement (9). A multitude of GRI constructs have been reported over the years, often relying
on glucose-mediated degradation, swelling, gelling, or disassembly of insulin-encapsulating

carriers, which can be reversible or irreversible (10). Recently, freely circulating GRIs, not
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polymer-encapsulated formations, have been designed by Chou et al. with simplified chemical

kinetics (11), echoing the first GRI concept conceived by Brownlee and Cerami in 1979 (12).

GRIs are shown to enforce tighter glycemic control, reduce the incidence of hypoglycemic
episodes, and lessen the burden of multiple daily injections in a multitude of experimental studies
(4,10), yet efforts towards a mathematical framework for their rational design have been limited
to date (9). While the localized release kinetics from certain GRIs have been modeled before, they
have not been translated into therapeutic efficacy for design purposes. Specifically, GRI models
were not pieced together with the underlying insulin-glucose-glucagon metabolism (13,14). Our
previous work (5) established the first framework that linked GRI designs to their therapeutic

effectiveness through pharmacokinetic modeling of type 1 diabetic patients.

However, the majority of GRI research relies on substantial testing in animal models and
specifically rodents (11,15). We identify the critical importance of extending this said
mathematical framework to bridge the gap between widely used animal models and the prediction
of human clinical observations so as to expedite the search for viable drug candidates. Given that
pharmacokinetics cannot be simply scaled between organisms in general (16) and that almost all
therapeutics are inevitably tested on animal models such as rodents as a start, the rational design
of GRI may therefore greatly benefit from a mathematical approach specifically developed for
predicted testing in mice and rats. In this work, we present a Pharmacokinetic Algorithm Mapping
GRI Efficacies in Rodents and Humans (PAMERAH). This in silico modeling framework couples
GRI kinetics to the first full-body physiology-based model describing murine glycemic control,

and maps rodent physiology to that of humans for therapeutic design.

PAMERAH can serve as a standardized platform for GRI construction, candidate screening,
design optimization, and preclinical trial planning. Prior to any experimentation, the model is able
to predict average GRI performances and narrow down the vast parameter space to a set of optimal
combinations of design variables, for the user-defined population and GRI mode of action. Such
model-aided preclinical research would alleviate the burden of many trials and errors required in

the traditional drug development workflow — an implication for not just GRIs.

Moreover, our mathematical formulation allows for a cross-comparison among mice, rats, and
humans, highlighting their commonalities and differences. PAMERAH shows that the optimal

GRI parameter spaces overlap, but not to a large extent, between the species, echoing the frequent
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difficulty of replicating animal studies in humans (17,18): the long-standing practice of informing
clinical trials with animal data is now coming under scrutiny, wittily described by Mak et al. as
“lost in translation” (19). PAMERAH further allows a zoned grid to be drawn, on which GRI
candidates are sectioned by their predicted viabilities along the train of medicinal translation. We
expect the so-called translatability grid to serve as a straightforward visual guide for planning

animal testing and clinical trials.

4.3. Research Design and Methods

4.3.1. Modeling the Full-Body Glucoregulatory System

A physiological model simulating a rodent’s full-body pharmacokinetics of glucose, insulin, and
glucagon is first constructed, followed by its integration with GRI kinetics. The overall workflow

is summarized in Figure 4-7.

Mathematical modeling of the human glucoregulatory system has attracted sustained attention
from the diabetes community over the years. While semi-mechanistic parsimonious models have
seen some success recently (20,21), their compartmentalization is not based on physiology, which
renders GRI integration difficult. This is contrasted by the whole-body model by Sorensen (22)
and its variants. The Sorensen-like models (23-25) explicitly consider the physiology, taking into
account the blood flowrates, volumes, and connectivity of organs. This allows dynamic
concentrations to be probed and the glucose-hormone metabolism to be altered at the organ, rather
than organism, level (26). As with our prior physiological model of humans (5,26), PAMERAH is
divided into well-mixed compartments symbolizing participating body parts, each equivalent
numerically to an ideal continuous stirred-tank reactor (CSTR), as illustrated by Figure 4-1. Blood
circulates through vascular compartments of gut, liver, kidneys, brain, muscle and adipose tissues,
carrying glucose, insulin, and glucagon; the composition in the outlet of a vascular volume is
approximated to be identical to that within the compartment — just like a CSTR. The solutes diffuse
freely between the vascular and interstitial compartments as well where applicable, dictated by the

concentration gradients. Naturally then, each solute s in each organ £ is described as:
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s d[S] v s in s s
kl,v - = Qk ([S]hcart - [S]k,v) - k; ([S]k,v - [S]k,i) + Rk,v,prod - Rllf,v,uptakc (4- 1)
dt T
s d[S] i Vx,l s s
Vei dtk’ = Yi:: sy —L81e) + R proa = Ri i uprake (4-2)

where subscripts v and i denote the vascular and interstitial volumes, respectively. V represents the
compartmental volume, [s] the solute concentration, Q the arterial flowrate through the organ, and
T the characteristic transcapillary time of mass transfer. The production and uptake rates, Rprod and
Ruptake, when applicable, are modulated by the compartment’s glucose, insulin, and glucagon
concentrations through logistic transfer functions. As with our prior work (5), the subcutaneous
injection depot is described by a hexamer-dimer-monomer equilibrium of which only the

dimeric/monomeric insulins (or GRIs), lumped as a single state, are absorbed (Table 4-2).

As the existing Sorensen-like mathematical models are parameterized based on the physiology of
a healthy 70-kg man, the parameters have to be re-examined meticulously during the model’s
extension to rats and mice. While exponential scaling laws are followed for interspecies adaptation
of parsimonious compartmental models (27), the allometric exponents are empirical and bear little
physical meaning. On the other hand, for a physiology-backed model like PAMERAH, a priori
animal anatomical measurements are used to adjust the physiological parameters accordingly, such
as the organ sizes, cardiac outputs, arterial flows, and blood volumes (Table 4-1). As the transfer
functions, which characterize the organs’ responsiveness to glucoregulation, are not directly
adaptable to rodents, these metabolic parameters are estimated numerically from blood glucose
time trajectories measured in rats and mice. The same method is applied to the base
generation/clearance rates which lack consistent measured values in the published literature. The
insulin response data for rats and mice are collected experimentally and from literature (11) (male
Lewis rats and C57BL/6J mice, healthy or with streptozotocin-induced diabetes; also see §4.6).
To avoid overfitting, sensitivity analyses (28,29) are performed for dimension reduction. The
model reduction is shown to yield consistent results for mice and rats (Figure 4-6). The most
impactful 15 unknown parameters identified, out of more than 120, are subsequently fitted to data
while keeping the remainder fixed (Table 4-2). The dimension of estimated parameters is minimal
as compared to published physiology-based models (24,30,31). Parameter estimation is performed

in MATLAB R2017a (the MathWorks, Inc.) with a pattern search algorithm.
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The Sorensen model and its many extensions treat a type 1 diabetic subject simply as a healthy
individual with the pancreatic parameters negated and starting concentrations modified (5,22). In
addition to introducing these distinctions between type 1 diabetic and healthy rodents, we also
acknowledge the more subtle differences reported between the two populations, such as the
changes in glucose/hormonal sensitivities and organ-specific base metabolic rates upon diabetes
development (32-34). These inter-population distinctions are addressed by estimating the 8
relevant parameters separately for the type 1 and healthy rodents (Table 4-2), consistent with
current published works (21,24,35). In fact, attempts to simulate both groups with a single, unified
set of values do not render satisfactory predictions that globally match experiments, thus
highlighting the need of the distinguishing parameterization. Such was concurred and discussed in
detail by Schaller et al. (24), who differentiated the healthy and diabetic populations by 26

separately fitted variables.

Figure 4-1. Schematic of the model structure. Glucose (blue) circulates around the body along with blood, which
is pumped by the heart and flows through vascular compartments of gut, liver, kidneys, brain, muscle and adipose
tissues. For the latter three, transcapillary diffusion of glucose into interstitial spaces are captured by the interstitial
compartments. Insulin or GRI (red), introduced into the circulation via the subcutaneous injection depot, flows through
all but the brain interstitial compartment, into which insulin is unable to penetrate. Each compartment is equivalent to

a continuous stirred-tank reactor (CSTR, as shown on the right), where perfect mixing is assumed.
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4.3.2. Modeling the GRI

GRIs of different working mechanisms, once expressed in mathematical terms, can be integrated
with the as-constructed full-body physiological model, assembling into PAMERAH. Of all GRIs,
the freely circulating class presents the simplest chemical kinetics. An example was recently
reported by Chou and associates (11), who introduced responsiveness into their insulin analog by
chemical modification with phenylboronic acid (PBA) as a glucose-sensing element. Note that
although Chou et al. also demonstrated a long-lasting activity with the GRI by incorporation of an

aliphatic domain, our model focuses on the glucose-responsiveness for now.

Action of the said class of GRIs can be condensed into the following two-state kinetics, where a

dormant GRI (D) is reversibly activated by glucose (G), turning into the active form (I):

ke
G+D —=—=1 (4-3)
K. =k 'k

ke 1s the forward rate constant, &: is the reverse rate constant, and Keq is the equilibrium constant.
Consequently for any solute s — where s can now be glucose, insulin, glucagon, or dormant GRI
each with a stoichiometric coefficient (v) of -1, 1, 0, and -1 respectively — the defining Equations

1 and 2 in compartment k become:

. dlsl, ) v . )
kA,v dl‘k’ = Qk ([S]heart - [S]k,v) - %([S]k,v - [S]k,i) + Rl;,v,pmd - Rl;,v,uptake + Vkl,vverRl (4_4)
k
L disl, VS : q
VkA,i dtk, = ]fx ([S]k,v - [S]k,i ) + R/},i,pmd - Rl},i,uptake + VkI,iV.vVGRI (4'5)
k

where 7, =k, [G],[D], —k,[1], for freely circulating GRIs described by Equation 3. We

adopt the kinetics of these GRIs for all PAMERAH simulations presented hereafter in this report
for the mathematical simplicity and recent attention attracted. Of note, it is assumed throughout
this report that the dormant GRI does not perturb the metabolic or hormone kinetics while the
activated GRI behaves identically as native insulin. For scenarios where the activated analog
differs in potency from insulin, the assumption may be relaxed by treating them as separate solutes,

each with a distinct set of ODEs.
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The complete system of ODEs for all compartments and all solutes concerned can be constructed
from the simple general Equations 4-4 and 4-5. A comprehensive tutorial is provided in the §4.7
to walk the reader through the process. Note that the equations are given in a generalizable form,
not just specific to the current model architecture, so that a reader attempting to modify or to

supplement the model may follow exactly the same procedures outlined in the tutorial.

4.3.3. Simulating GRI in a Clamp

In addition to tracking the response of the blood glucose concentration to a single GRI injection,
clamp studies (36) are an alternative standard technique to assess glucose responsiveness. We
program PAMERAH to also simulate glucose clamps, the results of which are compared to recent
GRI experiments as a further validation of the model. We follow the two-period pancreatic clamp
protocol outlined in Moore et al., illustrated in Figure 4-9 (37). The glucose concentration is
clamped for 150 min at 110 mg/dL (Period 1) and for another 150 min at 240 mg/dL (Period 2) by
continuous infusion via the peripheral vascular compartment. The variable glucose infusion rate
is adjusted by a simple feedback control. Meanwhile, either insulin lispro (1.2 mU/min) or GRI
(24 mU/min) is infused continuously throughout the 300-min clamp, together with glucagon at its
basal rate. The rates are consistent with prior reports (37,38). In Moore ef al., pancreatic endocrine
release was completely suppressed by somatostatin (37), simulated as the corresponding
differential equations bypassed in PAMERAH. Therefore, all circulating insulin and glucagon is
accounted for by external infusion, except during the short initial equilibration. The hepatic

glucose load (HGL) is calculated as [G1,.,, O i anery +[G 1o Qs @nd the net hepatic glucose balance

(NHGB) is defined as [G],,.. O, — HGL .

4.3.4. Elucidating the GRI Design Space

PAMERAH provides valuable assistance to the GRI development process by assessing the GRI’s
therapeutic efficacy in mice and rats based on its material and molecular design. Intuitively, an
adequate GRI should reduce hyperglycemia in a diabetic subject for a prolonged period (with a
single bolus), while not incurring any additional risk of hypoglycemia (9). Sometimes fatal, the
latter is referred to as the “limiting factor” in glycemic management (39). The mathematical

expression for said criteria is below:
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Hyperglycemic Risk = L:z:h max([Gl,,,.s —[G],,0)dt =0

— (6)
Hypoglycemic Risk = [ max([Gl,, ~[Glyy-0ds =0

in which ¢ = 0 marks the time of GRI administration. [G]uw and [G]ib are the upper and lower bounds
of the normoglycemic range, set to 240 and 75 mg/dl respectively for rats (40) and 250 and 40
mg/dl for mice (41). As described by Equations 6, normoglycemia should be maintained for a GRI
design to be qualified: the blood glucose level should not deviate from the normal range within 24
hours of the single GRI bolus, except for the first 120 minutes allowed for the hyperglycemia to

be put under control.

The properties of freely circulating GRIs are modulated by three design variables: kf, Keq, and the
dosage. We term each distinct permutation of the three a potential GRI design or a candidate, with
its own hyper- and hypoglycemic risks. By probing the ksKeq-dosage parameter space, the in silico
preclinical simulations identify regions free from the said risks. Finally, this simulation study is
repeated for humans as well using the model of Bakh et al. (5). An interspecies cross-comparison
reveals the similarities and dissimilarities among humans, rats, and mice, and provides insights on

drug translatability.

4.4. Results

Blood glucose responses to an initial insulin injection, as predicted by the parameterized full-body
physiological models, are presented in Figure 4-2A-D alongside murine in vivo data collected
experimentally and from the published literature (11). We show that the temporal profiles match
between model and animal data for various doses of subcutaneous insulin administration to healthy
and type 1 rodents alike. Trajectories in Figure 4-2A-D also reveal how the effect of unmodified
insulin decreases quickly despite large injection doses. In Figure 4-2E, F we present as an example
the simulated action profiles of a freely circulating GRI in average diabetic rats and mice.
PAMERAH predicts that, in addition to suppressing the blood glucose levels, this particular GRI
candidate is also able to arrest three postprandial glycemic excursions within 120 minutes, each
resultant from a 1 g/kg oral glucose meal (42), over the course of 24 hours. The corresponding

insulin release patterns (Figure 4-8) resemble published results (15).
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Figure 4-2. Blood glucose responses in rodents to a single insulin injection. Panels (A-D) show the agreement
between murine in vivo data (squares) and the predicted glycemic responses (curves) to various doses of non-
responsive insulin administered at t = 0. PAMERAH predictions match well with experimental measurements from
healthy (A) and type 1 diabetic rats (B) as well as healthy (C) and type 1 diabetic mice (D). Curves for rats are

presented individually to avoid overlapping of data points and confidence limits, which indicate + 1 standard deviation.
Data presented are collected from male Lewis rats, the diabetes of which is induced by STZ (§4.6). Measurements on

mice (male C57BL/6J, STZ) are extracted from Chou and associates (11). The corresponding error bars are absent as
they were undefined in Chou ef al., and the clustered error bars cannot be precisely digitized from the original figures.
Panels (E, F) show the 24-hour action profiles of a GRI example (k= 0.1 M'min"!, K¢q = 0.02 M-!, dosage = 300
ng/kg) in average diabetic rats (E) and mice (F). The blood glucose concentration drops to the normoglycemic range
within 120 min after the initial injection at £ = 0 and each of the three meal ingestions (1 g/kg glucose, at ¢t =420, 720,
and 1080 min), periods represented by the unshaded areas. The peak post-prandial concentrations are respectively
423.8,434.9,450.2 mg/dL for diabetic rats and 415.2, 430.5, 450.4 mg/dL for diabetic mice. The dashed lines indicate

the upper bounds of normoglycemic ranges.

The validity of PAMERAH is further supported by the agreement between simulated clamp results
and experimental data. In their two-period pancreatic clamp study, Moore ef al. found that while
the hepatic glucose loads were comparable between the GRI and insulin groups (Figure 4-3B),
both the net and unidirectional hepatic glucose uptakes (HGU, Figure 4-3C, D respectively) for
the GRI study were significantly higher than the non-responsive insulin control at the
hyperglycemic clamp level (Period 2). All these findings are matched by PAMERAH simulation
in rats (Figure 4-3A-D), in addition to correctly predicting the relative changes in each quantity
after the clamp level shift. Curiously, the simulated and actual time courses of HGL, NHGB, and
HGU agree quantitatively once normalized, despite that Moore et al.’s GRI was of a different
working principle and tested on dogs. This seems to suggest a universal signature of glucose
responsiveness: under hyperglycemic conditions, a GRI would enhance the liver glucose uptake

more effectively than a dose of non-responsive insulin (37).

PAMERAH simulation is shown to also match a separate set of data provided by Kaarsholm ez al.
(43), who investigated the active GRI/insulin concentrations at various clamp levels following a
similar protocol outlined above. Both our simulation and the data clearly show that a larger amount
of active GRI is made available at a higher glucose level (Figure 4-3E), while such a dependence
is absent in the control study (Figure 4-3F). The quantitative discrepancies are attributed to the

different GRI mechanisms, to be addressed further in Discussion.
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Figure 4-3. Glucose clamp results simulated by PAMERAH as compared to experiments. Shown in Panel (A),
glucose is clamped at 110 (Period 1) and 240 mg/DI (Period 2) for 150 min each with constant infusion of either non-
responsive insulin or GRI. Consistent the experimental data published (37), the hepatic glucose loads (B) for insulin
and GRI do not differ at either clamp level. While the net hepatic glucose balances (C) are positive in Period 1, they
switch sign at the higher clamp level, indicating a change from net glucose production to consumption in the liver. As
with experiments (right), GRI induces a larger change than the non-responsive control in Period 2. Similarly, while
both the GRI and insulin groups trigger a surge in unidirectional hepatic glucose uptake (D) at # = 150 min, GRI is
more effective, a feature captured by the simulation. Data in Panels (B-D) are normalized by the respective Period 2
steady state values for the insulin group due to the differences in GRI mechanisms and test animals. Asterisks indicate
P <0.05 for GRI vs. control. Responsiveness of GRI and insulin to different glucose levels is shown in Panels (E) and
(F) alongside data from clamps (43). While the amount of active GRI released is increasing with the clamp level (E),
the concentration of non-responsive insulin (F) shows no dependence. Note that in the clamps described, GRI is solely
responsible for the observed responsiveness as the pancreatic insulin production is inhibited by somatostatin. The
concentrations in Panels (E, F) are normalized by the corresponding values at 120 mg/dL. The pre-normalization GRI
concentrations ranged from 165.8 (at 120 mg/dL) to 290.4 mU/L (at 280 mg/dL) for simulations in rats and 761.5 to
933.3 mU/L for MK-2640 in dogs. All experimental data are digitized from published figures.
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Following its validation with experimental results, PAMERAH is subsequently applied to
systematically screen the freely circulating GRI candidates by simulating the murine glycemic
responses to each. The varied design parameters therefore form a three-dimensional GRI Design
Space (GRIDS), shown as the boxes in Figure 4-4 and probed by PAMERAH. Each point in
GRIDS represents a unique combination of 4, Keq, and dosage — which we term as one design. Our
mathematical model gauges the hypo- and hyperglycemic risks associated with each such design
and thereby identifies the qualified GRI candidates free of the risks — i.e. those predicted to
maintain normoglycemia over at least 24 hours as governed by Equations 6. The qualified designs
within GRIDS constitute what we call optimal design regions (ODRs), represented as the shaded
geometries in Figure 4-4A—C, which are respectively ODRs of healthy rats, diabetic rats, and the
intersection. Those for mice and humans are found in Figure 4-10. We observe that the diabetic
ODR is bounded from beneath by a global minimum effective dose of 115 + 5 pg/kg (marked by
the grey planes in Figure 4-4B), below which no design is able to contain hyperglycemia for a day
(Figure 4-4D). The global minimum doses for mice and humans are 105 + 5 and 12.25 + 0.25
ug/kg, respectively. The latter is of a reduced uncertainty as the low-dosage portion of the human

GRIDS is explored with a refined resolution (Figure 4-10C).

A cross-comparison among the ODRs of rats, mice, and humans (Figure 4-5A, B) reveals the
interspecies commonalities and distinctions. While the ODRs for rats and mice overlap to a
moderate extent, a fairly limited subset of optimal GRI designs in rodents is predicted to be also
acceptable to humans. Acknowledging the GRI dosage as an easily adjustable design parameter
neglecting solubility, we relax the corresponding dimension (Figure 4-5C). The three-dimensional
GRIDS is thereby collapsed into a two-dimensional plane, on which combinations of & and Keq
are zoned by their performances in different species: we are able to identify designs effective in
rodents only, humans only, neither, or both, each respectively constituting 12.0%, 14.1%, 60.3%,
and 13.6% of all designs within the particular variable bounds. This zoning scheme can serve as a

simple guideline for GRI translation as discussed in more details below.

4.5. Discussion

In this work, we develop the modeling framework PAMERAH as a platform relating a GRI’s
design to its therapeutic efficacy in rats and mice. Based on the full-body physiology, the
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pharmacokinetic model simulates the absorption, circulation, uptake, generation, and clearance of
glucose, glucagon, as well as glucose-responsive or non-responsive insulin by treating each organ
as a well-mixed CSTR. With key parameters calibrated by in vivo data, we demonstrate that
PAMERAH predicts the dynamic blood glucose responses and clamp results in rodents, for insulin
as well as GRIs of user-specified kinetics (Figure 4-2, Figure 4-3). In the following discussions,
we highlight how PAMERAH aids the rational design process of GRI and its translation to the

clinic.
4.5.1. Model-Aided GRI Design

PAMERAH is able to explore the parameter space and predict the average performance of each
combination of design variables, thus narrowing down the vast pool of GRI candidates in silico,
thereby providing directions to GRI preclinical research as evidenced by GRIDS and ODRs in
Figure 4-4. The ODR geometries also strengthen validity of the model predictions. We observe
that the diabetic rat ODR assumes a signature L shape (Figure 4-4B, bottom), and consequently so
does the ODR for normal and diabetic populations combined (Figure 4-4C). Concurring with prior
reports (5), the L geometry results from the balance between rapid action and sustained control.
On one hand, GRI candidates of slow kinetics, marked by a small kf or Keq, are unable to reduce
blood glucose concentration in time to the normoglycemic range (Figure 4-4B, middle). On the
other hand, GRIs of large kr and Keq rapidly convert to active insulin; consequently, they either
deplete prematurely, unable to sustain the potency over 24 hours (Figure 4-4B, middle), or
overcorrect the hyperglycemia, thus triggering hypoglycemic episodes (Figure 4-4B, top). The
latter also explains the missing corner in Figure 4-4A which characterizes the ODR of the healthy
population, for which the hyperglycemic risk is absent. Consistent with mouse and human GRIDS
probed as well (Figure 4-10), the observations above suggest a good agreement between

PAMERAH predictions and qualitative expectations.

115



HEALTHY DIABETIC

HYPOGLYCEMIC RISK

HYPERGLYCEMIC RISK

Dose [ug GRI/kg body mass]

COMBINED RISK
Dose [ug/kg]

Figure 4-4. Exploring the optimal combinations of GRI design parameters for efficacy in rodents. PAMERAH
explores the GRI Design Space (GRIDS) and evaluates the hypo- and hyperglycemic risks associated with each GRI
candidate for both healthy (A) and diabetic (B) rats. The shaded areas in GRIDS are the optimal design regions (ODRs),
which represent those combinations of ks, K., and dosage free of hypoglycemic (top), hyperglycemic (middle), or
both risks (bottom, intersection of the other two single-risk ODRs). The grey planes in Panel (B) mark the global
minimum effective dosage in diabetic rats. The GRI designs which incur neither risk in normal and diabetic rats alike
are shaded blue in panel (C). The characteristic L shape is consistent with prior reports (5), better visualized by contour
plots (D) sliced at fixed GRI dosages (30, 150, and 300 pg/kg, marked grey in the GRIDS). The colors in panel (D)
correspond to the sum of all hypo-/hyperglycemic risks combined, with dark blue representing desirable GRI
constructs which maintain normoglycemia over 24 hours. ODRs and GRIDS for mice and humans are found in Figure

4-10. The inverted U symbol means intersection.

We envisage the PAMERAH-aided rational design of GRI boosting the productivity of drug
developers by (partially) substituting the conventional workflow, where each empirically designed
and often laboriously synthesized candidate is experimented in vitro and in vivo for its efficacy
evaluation (11,44). The same evaluation may now be performed in silico at effectively no cost,
even before the physical existence of any GRI prototype — a benefit enjoyed only by mechanistic,

physiological models like PAMERAH and not data-driven empirical models (45). The medicinal
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chemists may then proceed focusing on just the optimized, most promising lot — the ODRs (46).
This would be especially helpful to GRI researchers without access to automated combinatorial
chemistry or screening. The facilitated designing process aside, PAMERAH also provides
information on the minimum effective doses and may potentially lighten the dependency on animal
testing, to which the model supplies a rational starting point. Furthermore, such a physiological
model for preclinical species, supported by in vivo measurements, promotes the confidence in the
corresponding human models, argued Jones and associates (47,48): simulations in rodents are an
essential intermediate step towards accurate predictions of human pharmacokinetics at the clinical

stage, as concluded from a PhRMA initiative (45).

4.5.2. Model-Aided GRI Translation

Cross-comparing the optimal designs for different species is shown to reveal the commonalities
and distinctions among rats, mice, and humans (Figure 4-5), and therefore the potential
interspecies translatability of drug candidates. While the ODRs for the diabetic all assume the
characteristic L geometry, the minimal overlaps between rodent and human ODRs (Figure 4-5A,
B) hint that a large portion of GRI designs, again each defined by a combination of kf, Keq, and
dosage in this report, would render adequate, sustained glycemic control in rodents yet fail
clinically, which we call false-positive (FP) preclinical results. In other words, PAMERAH
predicts a high attrition rate if GRI constructs are translated to the clinical trial stage with the same
parameters as in rodents, hence echoing the published poor rates of successful translation (18,49):
the well-known estimate of Hackam and Redelmeier was that only 37% of animal studies were
successfully replicated in human trials. A recent Tufts investigation further communicated that the
clinical translation of anti-diabetic drugs was even riskier as compared to other pharmaceuticals
(50). For instance, Merck’s MK-2640, the only GRI we know of that entered the clinical trial stage,
did not achieve the same level of glucose responsiveness in humans as in preclinical models

(43,51).

In addition to the false-positives, the overlaid GRIDS in Figure 4-5 by the same token identify the
GRI candidates deemed unsuitable in rodents but potentially effective in humans, i.e. the false-
negatives (FN). While many agree that the opportunity cost of the FN is greater than the FP (52),
little is known about the extent to which we wrongly discontinue a viable drug design based on

negative preclinical outcomes, as such a candidate is usually eliminated from further confirmation.
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The available analyses on this topic target FN at a single clinical stage, which is more of a decision
variable controllable by the trial sample size (52) — conceptually distinct from the false-negatives
pertaining to rodent model translatability. PAMERAH predictions on “what should have passed”,
in addition to “what should not have”, therefore adds helpful new knowledge. We further note that
the same methodology is applicable to therapeutics beyond GRIs. For example, Jones et al.
simulated pharmacokinetic actions of several small-molecule candidates in both preclinical
animals and humans (48); while the compounds had been finalized before the said study, the
physiology-based models could have assisted the design and translation processes, akin to

PAMERAH, were they available at the earlier stages of drug development.
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Figure 4-5. Evaluating the GRI translatability from rodents to humans. Panel (A) highlights the commonalities

(solid) between ODRs (colored and outlined) of humans and rats (left), humans and mice (middle), as well as rats and
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mice (right). Panel (B) marks the ODR intersection (solid) among all three species. The limited overlap between
human and rodent ODRs forecasts the difficulties in interspecies translation of the therapeutic. By relaxing the dosage
variable (0-330 pg/kg) and allowing it to assume flexible values for different species, we project the three-dimensional
GRIDS onto a two-dimensional kf-Keq plot (C). We call the plot a translatability grid, on which GRI designs are
zoned according to their translatability. GRI constructs in Zone 1 are predicted to be effective in both rodents and
humans. They therefore translate well among species with appropriate dosages. Zones 2 and 3 represent the false-
negative designs eliminated in rodent studies yet potentially clinically viable. Zones 4 and 5 are examples of false-
positives which appear effective in rat/mouse trials but do not translate well into humans. They will likely meet

attrition at the clinical stage.

We acknowledge that in contrast to kinetic variables kr and Keq, the GRI dosage is a more flexible
dimension. Figure 4-5C displays the outcome when the dosage dimension is relaxed and allowed
to assume different values (per body mass) for different species. Projecting the three-dimensional
GRIDS along the dosage axis onto the k+Keq plane issues a graphic (Figure 4-5C) loosely
analogous to a Clarke error grid (53), but with zones representing the design’s translatability
instead of a measurement’s clinical accuracy. We see that each three-dimensional ODR is now
compressed to a two-dimensional L, inside which a GRI design (of a certain kf-Keq combination)
is effective within some dosage range. The overlap between ODRs of humans and either rodent
(mice or rats) marks the true-positive designs predicted to translate well into the clinic: they are
effective regardless of species (Figure 4-5C Zone 1). They, nevertheless, only make up 13.6% of
the total plane, comparable to the identified false-positives (12.0%; Zones 2, 3): the numbers are
roughly interpreted as an attrition rate of almost half for the candidates successful in rodents. On
the other hand, it is surprising that 14.1% of possible GRI constructs are wrongly disqualified (FN;
Zones 4, 5), equivalent to approximately half of the clinically adequate designs being excluded
from potentially entering the human trials. This observation highlights the need for predictive tools
such as PAMERAH, since animal models can possess parametric regions that do not map to human
performance. We note that the exact area percentages depend on the GRIDS bounds (Figure 4-11)
and a reasonable upper dosage bound should be set based on, say, solubility limitations (54).
Although the attrition in developing a GRI may also result from non-efficacy-related factors such
as toxicity and commercial unprofitability (46), and that certain combinations of k-Keq may be
more attainable than the others, the idea of this translatability grid, drawn from model predictions,
is widely applicable and offers a straightforward visualization for early-stage decision-making just

like the Clarke error grid. The translatability grid makes possible a modified paradigm in medicinal
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translation: a higher priority to clinical evaluation may now be granted to the true-positives over
false-positives, and the false-negatives identified proceed to further trials in preclinical models

closer to humans (e.g. pigs and non-human primates).

4.6. Outlook and Summary

The approach that we describe is of considerable flexibility. To start with, the application space is
not constrained to just freely circulating GRIs taken as a proof-of-concept here, since GRI kinetics
in PAMERAH are independent from the organism physiology and are therefore adaptable to reflect
alternative glucose-responsive mechanisms, established or hypothetical. For example, one of our
ongoing projects is to model the aforementioned MK-2640, which responds to glucose via a
competitive clearance mechanism (43). We have already demonstrated that the predicted hepatic
impacts of a freely circulating GRI match that of MK-2640 well, and that their trends of active
GRI concentrations vs. clamp levels agree qualitatively (Figure 4-3). It is therefore reasonable to
argue that PAMERAH can be extended to describe the MK-2640 action with an updated set of
chemical kinetics. Although MK-2640’s glucose-responsive activity is considerably more
involved, we have shown that the competitive receptor binding and subsequent clearance can be
modeled equally well as the simpler kinetics explored earlier. Ultimately, mapping MK-2640’s

animal and human design spaces can possibly reveal why the translation was difficult (51).

Along the same lines, PAMERAH may be built upon non-Sorenson-like physiology as well, such
as the acclaimed Dalla Man, or UVa-Padova, model (55), the adaptability of which is demonstrated
in our prior work on human pharmacokinetics (5). Similar procedures may be taken to develop
mathematical models of other animal species as well. From a model customization perspective,
the GRIDS can be subject-tailored by updating the parameter estimation with any new data
available (45), alongside a priori parameterization of the individual physiology (24) discussed in
detail by Peters (16). Such will supplement the future studies on intra-population variabilities (56)
in GRI responses and the associated implications on ODRs. We acknowledge that, while
information on population averages suffices for early GRI design and screening as in the case of
this report, the capability to predict the variabilities will form the basis of individualized healthcare
and fine-tuning of the drug. Such capability is lacking in the current iteration of PAMERAH and

will be addressed. As described in Cobelli et al., joint probability distribution of free parameters
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can be reconstructed from population data, following which a pool of virtual individuals can be

generated (57).

Future iterations of the model will also take into account additional factors impacting the overall
GRI performance, such as pH, temperature, and exercises. Physical activities, for instance,
redistribute the blood flow and modify the glucose production/uptake (25). From the modeling
perspective, the corresponding variables can be correlated to the exercise intensity, following
methodologies outlined previously (25,58). Lastly, we envision PAMERAH being used for
planning GRI regimens in the future: will a recipe involving multiple kinetics be even superior to

a single GRI?

GRIs represent “a new horizon in therapeutic technology” which offers a closed-loop control
strategy alternative to continuous insulin infusion (9). However, their design and screening, largely
at the early preclinical research stage, have been reliant on empirical knowledge and repeated
experimentation. We present a modeling platform, PAMERAH, which predicts a GRI’s efficacy
in rats and mice from its properties. It is therefore able to explore the targeted GRI Design Space
and identify the pool of optimal candidates before any experiments, thereby providing some
rational guidance to the preclinical GRI research. Built upon prior human physiological models,
our platform is shown to gauge a design’s translatability from animal to clinical subjects and
thereby generate the translatability grid. We hope PAMERAH helps establish an improved drug
development workflow and accelerate the development of GRIs for individuals with type 1

diabetes.

4.7. Appendix A: Animal Preparation, Care, and Data
Collection

As said, blood glucose time trajectories were collected from normal and diabetic rats for parameter
estimation. Male Lewis rats weighing 250 to 300 grams were obtained from Envigo. Rats to be
rendered diabetic were injected intraperitoneally with 48 mg/kg streptozotocin (STZ; from MP
Biomedicals). Diabetes was confirmed after a 72-hour quarantine by blood glucose measurement
of > 250 mg/dL. A second injection of 48 mg/kg STZ was given if rats did not become diabetic

after the first injection. Rats were repeatedly used in experiments after two or more weeks of rest
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period, and were used in experiments no longer than one year post stable induction of diabetes.
For insulin studies, food was removed prior to the start of the experiment. The rats were weighed
and the tip of the tail was snipped with a razor blade and milked for a small blood sample in which
blood glucose levels were measured with standard glucometers (EasyMax V). Insulin lispro was
injected subcutaneously in diabetic or normal (non-diabetic) rats. A time course of the insulin’s

action profile was created.

4.8. Appendix B: Mathematical Model Setup

In each organ £, the concentration of a solute s is governed by:

s d[S] v s in s
Vk‘,v dtk’ = Qk ([S]hean - [S]k,v) - ]fs ([S]k,v - [S]k,i) + Rk,v,pmd/upmke + Vkl,vv.rrGRI (4'7)
k
s d[s]ci in K
Vi tl = k; ([s]iy —[sli)+ Rk,i,prod/uptake + Vkl,iv.erRI (4-8)
dt T;
Torr = kf[G]k[D]k - k,[1]; (4-9)

Where subscripts ¢ and i denote vascular and interstitial (if applicable) volumes respectively, the

transcapillary diffusion between which captured by 7;’. The compartmental volumes and blood

flow rates, denoted ¥, and O, respectively, are based on anatomical measurements of rodents

listed in Table 4-1. We simulate the actions of freely circulating GRIs in this report, for which the
stoichiometric coefficients (v) are -1, +1, -1, and O for the four solutes — glucose, insulin, dormant
GRI, and glucagon — respectively. PAMERAH inherits the pancreatic insulin release as well as the
oral dosing models from Bisker ef al. (26) and follows the initialization protocol outlined in Bakh

et al. (5) Parameters pertaining to insulin release are adapted to rodents based on Sorensen (22).

We further clarify, with the following short tutorial, how the concise general governing equations
above generate a large network of differential equations needed for simulation. We take the
adipose peripheral compartments as an example. Within each compartment, the rate of change in

glucose level v ¢

adiposevi A[G] /dt equals rate of exchange with other organs summed with the

adipose,v/i
glucose production/consumption rate within the compartment itself. For the adipose vascular
compartment, the former encompasses incoming glucose carried from heart by blood flow

(O%ipose[Glhear )» the outgoing glucose circulated back (-0%, ...[G]

adipose

, with the negative sign

adipose,v
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denoting that glucose exits the system), and the exchange with the interstitial compartment
(= Vgiposes / Totipose) (G Luiposes =[G lugiposes) )- Inside the compartment, glucose reacts with dormant GRI
and is consumed. Its rate is governed by the overall reaction rate 7, =k ,[G1, 00 [DLucipose = % [N agipose -
This rate has to be corrected by the stoichiometric coefficient v, = -1, which states that one unit

of glucose is consumed for each unit of reaction G+ D —=1. The governing ODE for the

adipose vascular compartment is then (cf. Equation 4-7):

VG d[G]adipose,v _ QG ([G] _[G] )_ Vva?ipose,i ([G] —[G] )_Vl r (7_10)
adipose,v d[ - adipose heart adipose,v TG adipose,v adipose,i adipose,v' GRLv
adipose R e—

inflow/outflow term GRI kinetics term

rate of change in the compartment "
transcapillary exchange term

On the other hand, the interstitial space is not connected to any external organ (Figure 4-1), which
allows us to drop the inflow/outflow terms (Q[G]). In addition, glucose is taken up by the adipose

tissues at arate R, ..o, modulated by the local glucose and hormone concentrations (Table 4-2),

where PGU stands for peripheral glucose uptake. The governing ODE for the adipose interstitial

space is therefore:

G

A[G L giroses s

G adipose,i " adipose,i 1 -

adipose,i - G ([ ]adipose,v _[G]adipose,i) _Radipose PGU _Vadipose,irGRI,i (4 11)
dt adipose

N local prod/uptake term  GRI kinetics term
rate of change in the compartment X
transcapillary exchange term

which is exactly Equation S2 specific to the adipose tissues. Note that the transcapillary exchange

term changes sign.

By the same method, we write the ODEs for active insulin in adipose compartments:

I

1 d[I]adipose,v 1 adipose, i 1 4 12
I/adipose,v T = Qadipose ([I]hea.n _[I]adipose,v) - 1 ([I]adipose,v - [I]adipose,i) + I/;uiiposc,erRI,v ( - )
adipose
d[I]a ipose,i I/ali ose, 1
Vafiipose,i ;tp - = (ip : ([I]adipose,v - [I]adipose,i) - RAIC + I/aiiipose,irGRl,i (4- 1 3)
adipose
where R, . is the rate of adipose insulin clearance (Table 4-2). Note that the GRI kinetics terms

change sign as compared to Equations 4-10 and 4-11 since the stoichiometric coefficient v, = +1

for insulin: each unit of GRI reaction produces one unit of insulin. With the steps outlined in this
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tutorial, ODEs for other compartments and for other solutes can be generated likewise from

Equations 4-7 and 4-8.

The rates of production/consumption of s, R; ;... » ar€ detailed below in Table 4-2 together with

insulin absorption and clearance rates. Since the steady-state metabolism in rodents is not
systematically characterized or published, its associated variables are estimated from experimental
data. A number of multipliers, which characterize organs’ responsiveness to hormonal regulations,
are selected by sensitivity analyses (SA) and estimated. The same applies to the unknown insulin
clearance fractions and transcapillary diffusion times (Figure 4-6). The latter turn out to carry
insignificant impacts and are hence simply scaled by body mass (Table 4-1). For the PAMERAH
ordinary differential equation system we concern, the parametric sensitivity of the blood glucose

concentration on parameter p; is defined as:

360min [G]h dp i
Z = eart s dt 4_ 1 3
’ JO hzn:hdz P A[Glica 19

consistent with prior applications of SA (28,29). As said, only the numerically sensitive variables,
marked in Figure 4-6, are subject to parametric estimation to avoid overfitting. The sets of

estimated parameters are almost identical for the two rodents except M, , which is impactful only

in mice. The SA results in Figure 4-6 are obtained with the finalized parameter values as the basis.
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Table 4-1. Physiological parameters for rats and mice based on a priori animal anatomical measurements.

Physiological

Physiological

Rats Mice Unit Rats Mice Unit
Parameter Parameter
i 244E-03  1.69E-04
%, G Vowin 1.86E-04  1.21E-05
E Vicin 3.41E-03  1.07E-03
g Ve 4.89E-02  5.79E-03 vl 374E-03  4.14E-04
<
£ Ve 8.03E-02  1.78E-02 Ve 320E-03  6.86E-04
]
‘ dL L
% Ve 297E-02  8.26E-03 [dL] Via 2.62E-03  7.43E-04 (M
g Vicoiness 1.90E-02  2.93E-03 V ddness 1.55E-03  2.43E-04
=]
S eiheryy 6.54E-02  5.20E-03 V iphery 5.00E-03  3.72E-04
G I
V ioheryi 2.96E-01  1.62E-02 V sioheryi 2.96E-02  1.62E-03
08 2.44E-02  8.88E-04 Obain 1.86E-03  6.35E-05
08, 221E-01  5.12E-02 Oiean 6.75E-02  3.66E-03
% Otnes 1.61E-01  1.73E-02 Otnes 1.23E-02  1.24E-03
5
& G . ! .
. O L4601 14TE-02 (g1 jmin] O LIE-02  LOSE-03 i
E‘; iy 1.46E-01  9.21E-03 Dty 1.12E-02  6.59E-04
g L ey 551E-01  2.38E-02 Doy 421E-02  1.70E-03
Ohepaticarery 1.56E-02  2.66E-03 Ohepatcarery 1.19E-03  1.91E-04
Qmuscle / Qadipose 2.18E+00 2.74E+00 [']
G 1
3 eiohery 1.32E-01  2.52E-2 iphery 528E-01  1.01E-1
E ) [min] [min]
= T 5.54E-02  1.06E-2
2 Compartmental volumes are based on measurements in Brown ef al., Thurlby and Trayhurn, and Peters (16,59,60).
b

Blood flow rates are based on measurements in Ishise et al., Wang et al., Brown ef al., and Thurlby and Trayhurn (59-62).

¢ TDT, transcapillary diffusion time between the vascular and interstitial volumes. They are scaled by body mass from the
human models (5,26). They are not estimated from experimental data given their low sensitivities in both mice and rats

(Figure 4-6).

Table 4-2. Pharmacokinetic parameters for rats and mice. Estimated (Est.) and distinguishingly parameterized
(Dis.; i.e. separately estimated for the healthy and diabetic populations) variables are marked by circles.

RATS
Healthy Diabetic Unit Est.  Dis.

Rucu = RYSSM SouM ) [mg/min]

Ry = 4.01E+00 3.02E+00 [mg/min] o o
Hepatic My, = 2.37 + 1.67tanh {2.44([G]L.n — 1.48)} [-] ob
Glucose dM | » :
Uptake d;lGU M i = Myay) / 7, [min]

Mgy, = 2.00tanh(0.55[I]t) [-]

7, 7.10E-03 [min] °

Ryce Riga M oM oM e [mg/min]
Hepatic basal basal .
Glucose Rygr e Ricu [mg/min]
Production AR

M, 1.42 — 1.41tanh{0.62( [GlLa  2.15—1.41tanh{2.30( [G]Ln ] ob o

-0.50)} -0.50)}

125



dMm}

—Har = (Mo =Myep) /7, [min']
dt
M, = 1.16 — 0.16tanh {79.79([T]L.n — 0.0003)} [-1 o
M;GP = Ml—l;gr - fz [‘]
M, = 2.70tanh {0.39[T"]n} [-]
dfz /dt = {(M;gr_l)/z_fz}/rz [min_l]
7, = 1.00E-02 [min] o
) Rpgy = RIEE‘EIM ISGUM PGU [mg/min]
Periphery Ry = 1.02E+00 1.67E+00 [mg/min] od o
Glucose G G
Uptake Mgy = [ ]periphery,i," [-]
Mgy = 7.03 + 6.52tanh {0.34([T]periphery,in — 5.82)} [-]
0.50+0.50tanh[0.008 ([ G, —584.77)]
Kidney if 0 <[Glyige, <584.77mgdL’
Glucose Ryge = [mg/min)]
Excretion® =330+ 0.564{Glyiune,
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0.9 B Mice
0.8

Base steady-state metabolic rates of rats are estimated from literature-based initial guesses (63—66).

Note that the adaptation of transfer functions has only one degree of freedom for each. That is, only one parameter in each
transfer function is estimated. [Glcn and [I]kn denotes glucose and insulin concentrations in compartment &
normalized by the steady state levels. [I']n in turn represents the normalized glucagon concentration. All multipliers
(Ms) should assume a value of 1 for a normalized concentration of 1.

The kidney glucose excretion rate as a function of glucose concentration is based on data published by Robson et al. (67)
Simulation of the subcutaneous injection depot follows the work by Bakh et al. (5), who adopted a model originally
designed and validated by Wong et al. (68,69) for regular insulin. Among the states whose dynamic equilibrium dictates
the subcutaneous absorption kinetics, dimeric and monomeric insulins are absorbed much faster than the hexameric state
(Inex). Wong and colleagues therefore lumped the former two together into the term Iam, formed from the dissociation of
hexamers with a rate constant Awam. The dimers/monomers are then absorbed from the injection depot into the main
circulation at a rate characterized by kabs. Meanwhile, both states suffer from some diffusive loss described by the rate
constant kioss, computed from the injection volume Vinj and the insulin diffusivity Dinj. Numerical value for the latter is
obtained from Vogel (70). Readers may substitute the injection depot for other subcutaneous absorption models as well,
such as that by Tarin ef al. which assumed only a hexamer-dimer equilibrium (71).

Base steady-state metabolic rates of mice are estimated from literature-based initial guesses (72—75).

§ Estimated Sensitive Param.
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Figure 4-6. Sensitivities of insulin clearance fractions, transcapillary diffusion time constants, and multipliers

for rats (blue) and mice (red). Only the highly sensitive, or impactful, variables are selected for parametric
estimation (hatched bars). As the blood glucose level is relatively insensitive to murine transcapillary diffusion
times, the latter are simply approximated via body mass scaling (Table 4-1). Note that the sensitivity analyses
presented in this figure assume the finalized parameter values as the bases.
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4.9. Appendix C: Supplementary Figures
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Figure 4-7. Schematic of the workflow of PAMERAH as well as its application to model-aided GRI design and translation.
As described detailedly in §4.3, PAMERAH was assembled by piecing together a set of user-specified GRI kinetics to a
model for the full-body physiology. PAMERAH is able to explore a large design space, predicting performances of GRI
constructs of arbitrary parameter combinations, such as kr, Keq, dose efc., thus aiding the rational design process.
Furthermore, a cross-comparison between rodent and human design spaces identifies the optimal parameter ranges

corresponding to adequate clinical translatability.
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Figure 4-8. Time courses of the dormant GRI concentration (blue) and the insulin release rate (orange) simulated in

average diabetic rats (left) and mice (right) respectively. They are the responses to a subcutaneous injection of a freely
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circulating GRI (k¢ = 0.1 M"'min"!, K¢q = 0.02 M}, dosage = 300 pg/kg) at ¢ = 0. The curves correspond to the glucose
concentration trajectories presented in Figure 4-2, and the shaded areas are identical to those in the said figure as well. Note
that although the initial glucose concentrations are high in both diabetic rats and mice, we do not observe any initial spike
in the insulin release rates. This is explained by the gradual absorption of GRI, as evidenced by the dormant GRI

concentration curves.

t=0min 150 min 300 min

Period 1: Period 2:
Glucose clamped at 110 mg/dL Glucose clamped at 240 mg/dL

Infusion of glucose at variable rates by feedback control

Somatostatin suppresses insulin and glucagon secretion

Glucagon replaced at basal rate

+

[ GRI 24 mU/min via peripheral vascular compartment l

or

I Regular insulin 1.2 mU/min as control via peripheral vascular comp. I

Figure 4-9. Protocol for the simulated pancreatic clamps corresponding to Figure 4-3. Prior to the simulated
clamp, PAMERAH assumes the state of a healthy rat. While in Moore ef al., the dog plasma glucose was clamped at
80 mg/dL during Period 1 (37), the level is adjusted to 110 mg/DL for this simulation, within the typical range for rat

clamps.
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(A) HEALTHY MICE (B) DIABETIC MICE (C) DIABETIC HUMANS
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Figure 4-10. GRIDS and ODRs of (A) healthy mice, (B) diabetic mice, and (C) diabetic humans. The characteristic
missing corner for healthy ODRs and L shape for the diabetic ODRs are observed in mice and humans as well. Parts of the
human GRIDS are probed with refined resolutions, presented on the far right. The grey slice in panel (C) marks the predicted
minimum effective dose for humans, 12.25 + 0.25 pg/kg. Note that the bounds of human GRIDS are extended to
accommodate a complete L-shaped cross-section. Only GRIDS for average diabetic humans is explored based on our

previous work (5).
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Figure 4-11. The translatability grid with a dosage range of 0 to 200 pg/kg, different from that in Figure 4-
5. We see that the relative areas of true-positive (Zone 1), false-positive (Zones 4, 5), and false-negative (Zones 2,

3) regions are dependent on the bounds selected.
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CHAPTER 5

In silico investigation of the clinical translatability of competitive

clearance glucose-responsive insulins

This chapter has been adapted from:

Jing Fan Yang, Sungyun Yang, Xun Gong, Naveed A. Bakh, Ge Zhang, Allison B. Wang, and
Michael S. Strano. 2022. “In silico investigation of the clinical translatability of competitive

clearance glucose-responsive insulins.” In preparation.

140



5.1. Abstract

A milestone in the history of glucose-responsive insulins (GRI), Merck’s MK-2640 was the first
to enter the clinical stage, having demonstrated promising responsiveness in in vitro and preclinical
studies via a novel Competitive Clearance Mechanism (CCM). Regretfully, its pharmacokinetics
exhibited merely a negligible response in humans, causing the development of all candidates in
this GRI family to cease. It remains uncertain what aspect of the interspecies differences caused
the preclinical models to have predicted the clinical performance poorly. We investigated the
clinical translatability of CCM GRIs via translational in silico modeling based on existing
preclinical and clinical data of MK-2640 and regular human insulin (RHI). Our simulation
platform, IM>PACT, adds minipigs’ glucoregulatory system and a mechanistic model of CCM to
an earlier iteration already demonstrated to aid early-stage GRI design and development.
Simulated multi-glycemic clamps (i) validated the earlier hypothesis of insufficient glucose-
responsive clearance capacity in humans, but also (ii) uncovered an equally important mismatch
between the in vivo competitiveness profile and the physiological glycemic range, which was not
observed in animals. When we removed the interspecies gap in either of these two factors in silico,
the glucose-dependent modulation of GRI clearance increased from 13.0% to beyond 20% for
humans, and to a more-than-satisfactory 33.3% when both factors were corrected. Meanwhile, the
GRI’s intrinsic clearance rate, potency, and distribution volume were determined to not have
compromised the translation. Furthermore, despite the systemic lack of glucose responsiveness in
humans, we confirmed the suspicion of a responsive pharmacokinetics local to the liver. By
scanning a large design space for CCM GRIs, we found that the mannose receptor physiology in
humans remains limiting even for the most optimally designed candidate, which means the
remainder of Merck’s CCM portfolio is unlikely to translate successfully as well. We use this in
silico study on CCM as a demonstration of a powerful computational tool which, alongside its
utility in GRI design and optimization, extracts quantitative and mechanistic learnings from a
posteriori analyses of preclinical and clinical data to benefit future therapeutic discovery and

development.
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5.2. Introduction

Glucose-responsive insulin analogues (GRIs) are a class of intelligent insulin delivery technology,
which supplies a hormonal activity commensurate with local blood glucose concentrations in a
closed-loop, autonomous fashion (1,2), referred to as “a new horizon in therapeutic technology”
by some (3). In contrast to traditional, open-loop methods for glycemic control, GRIs promise
added insurance against hypoglycemia, improved patient compliance, reduced side effects, and
optimized, reliable dosing (4). While a closed-loop, pancreas-like regulation may also be achieved
with therapies integrating continuous glucose monitoring and insulin administration (5), these
sophisticated external devices remain expensive, bulky (1), and potentially associated with risks
of infection, inflammation, and scarring (6). The diabetes community’s persistent interest in GRIs
has catalyzed a multitude of concepts for glucose responsiveness, which can be roughly classified
into insulin-encapsulating polymer carriers with glucose-mediated triggers (7-9) and modified
unimolecular insulin with glucose-recognizing motifs (10-12). Out of the many GRI constructs
showing potential in animal studies (1,2,13—15), it was Merck’s MK-2640 that marked the
milestone as the first GRI to enter clinical trials (16). The phase I outcome, nevertheless, “revealed

insurmountable challenges” for MK-2640’s further development.

MK-2640 represents a family of GRIs whose availability in vivo is modulated by a Competitive
Clearance Mechanism (CCM) between glucose and the therapeutic (17-20). As illustrated in
Figure 5-1A, these insulin-based constructs contain added carbohydrate moieties, allowing them
to be recognized and cleared away by lectins via, in the case of MK-2640, mannose receptors (MR).
The envisioned responsiveness to the glycemic level is a result of the, albeit weak, affinity of
glucose to MR. The competition therefore creates a difference in MK-2640 availability between
eu- and hyperglycemia: Only in the latter case is the MR-mediated clearance shut off by glucose
competition and the GRI made available. CCM is among many mechanisms that rely on the
competition between insulin and glucose, which date back to the very first GRI system pioneered
by Brownlee and Cerami four decades ago (21). That said, GRIs of the MK-2640 family uniquely
modulate insulin availability by enhanced removal at euglycemia, rather than activation at

hyperglycemia like their counterparts (15).
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Merck’s development of the competitive clearance GRIs was terminated (15) as the clinical trials
reported far less responsiveness in MK-2640 clearance than that promised by the canine and
porcine evaluations (16,19). This fatal limitation in pharmacokinetics was attributed to saturation
of the MR-mediated clearance capacity in humans (16,22). It was, however, never proven nor
quantified. Additionally, it remains to be answered whether any other distinctions between humans
and preclinical animals could have played a role, or whether the rest of the portfolio, reportedly
with enhanced potency and undiminished MR affinity (17,18), could have fared better in a clinical
trial. On the modeling front, the Merck team performed thorough model-based meta-analysis (23),
interspecies scaling studies (24), and systems pharmacology simulations with the UVa/Padova
simulator (25). They established that, while the in-silico tools were predictive of the clinical
pharmacokinetics (PK) and pharmacodynamics (PD) of regular human insulin (RHI), translational
modeling based on preclinical data ended up missing the observed PK of MK-2640 (24,26). This
contrast has prompted Kandala e al. to ascribe MK-2640’s underperformance to interspecies
differences in MR-specific attributes (24), yet it remains not fully understood nor further pursued
whether the critical gap lies with MR distribution, competitive binding, GRI potency, or something

else — a question we seek to answer in this work.

Although many have characterized the clinical trials as having failed (16,27), the MK-2640 and
RHI data in humans are far from a failure in providing valuable insights into the mechanistic and
translational aspects of CCM GRIs. In this paper, we compare and contrast these GRIs’ PK and
PD in humans and minipigs by means of an integrated translational modeling platform, with a
particular focus on the decisive metric of the change in GRI clearance. We name our platform
“GRI Mathematical Model Mapping Performances in Animal and Clinical Trials”, or “IM*PACT”
for short. An expansion of our previous PAMERAH model mapping rodents and humans (28),
IMPPACT couples together a mechanistic model of the CCM principle and physiological models
of humans’ and minipigs’ glucoregulatory systems, with the minipig being a new addition to the
list of species accounted for. As the physiology is modelled as an interconnected network of well-
mixed compartments (or mathematically, a system of differential equations), we are able to track
the action of MK-2640 specific to each organ, which concurs with recommendations from Merck’s
modeling team. They found their modified UVa/Padova model not designed for capturing the
GRI’s hepatic site of action (26), and hence unable to have pictured the dilution of a locally

significant PK responsiveness in the systemic pool in humans (16) — a speculation only confirmed

143



and quantified in this study with IM*PACT. By transposing minipigs’ key MK-2640 properties
onto the human model one at a time, we concluded the unsuccessful clinical translation was not a
result of the differences in the GRI’s potency, volume of distribution, or intrinsic clearance rate.
Rather, the key contributing factors were (i) insufficient clearance capacity via the MR route in
humans, as already suspected following Krug ef al.’s analyses; and (ii) incomplete switching off
of MR-mediated elimination under hyperglycemia, meaning only a fraction of the already
constrained capacity was utilized. Our study establishes in silico diabetes modeling as not just a
tool for GRI design and early-stage screening (28,29), but also an investigative lens through which
hypotheses are falsified/validated, unmeasurable properties are quantified, and new insights are

learned for future GRIs of the CCM family and beyond.

A Lectin Lectin B
= o - . » 100
aN v e Sw
o U U . . o O R
R W Insulin-Carbonhydrate Conjugate - ;‘ -
o e.g. MK-2640 o o ® E% 5
°w
S <
O’O k=] "g In vitro expt. data
0000 0000 o0 g @ 9 = GRI kinetic model
o Euglycemia 0000 c ° GRI kinetic model
Oo o %:) Hyperglycemia Qo OO o C%:) = w/o cooperativity
= o g © 101 10° 10! 10? 103
Circulation Circulation )
Glucose Concentration [mM]
: \/
N
Al
Intravenous [AHI o § ¢f .
yA v ot Subcutaneous Time
GRI & RHI 365 yu | posf GRI & RHI [RHI]
Tk ¢l VA L or
do o OO0 i

o« Time

Figure 5-1. Overview of the in silico investigation of the competitive clearance GRIs with the IMPACT
modeling platform. A4: Illustration of the glucose-responsive mechanism of MK-2640 and its variants. The
carbohydrate-conjugated insulin analogs exemplified by MK-2640 (green) undergo clearance via both the intrinsic
insulin receptor (IR) route as well as the additional lectin/mannose receptor (MR) route, with the latter being
responsive via the competitive binding of glucose (orange). Consequently, under euglycemia (hyperglycemia), the
weak (strong) competition from glucose is designed to allow a high (low) rate of MR-mediated GRI clearance, thus

lowering (enhancing) its availability in circulation. Pivotal to the design concept, therefore, is a significant difference
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in clearance between eu- and hyperglycemia, which was not observed in the clinical clamp studies of MK-2640 (16).
The reversible binding processes of the GRI and glucose to MR depicted in the illustration are respectively represented
by rate constants ks and k:3, which play important roles in the mechanistic model (Equations 5-1 and 5-2). B: The
mechanistic model almost perfectly describes the in vitro assay data of glucose-inhibited MK-2640 binding to MR
(19) but only if the Hill coefficient hg is incorporated which represents cooperativity. C and D: IMPACT couples the
mechanistic model of MK-2640 with a physiological model symbolizing the full-body glucoregulation as a network
of well-mixed compartments (C). By solving the equivalent system of differential equations (Equations 5-7-5-9), we
are able to trace the concentrations of GRI and regular human insulin (RHI) over time, in addition to the blood glucose
[G], as they are circulated and metabolized in the body of either humans or minipigs following intravenous or

subcutaneous administration (D). Expt., experimental; vas., vascular; int., interstitial; s.c., subcutaneous.

5.3. Research Design and Methods

5.3.1. Mechanistic Model of Competitive Clearance GRIs
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Figure 5-2. Schematic of the proposed mechanistic model for CCM. Kinetics 1, 2, and 3 respectively represent the
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binding of a free GRI to MR, the internalization and elimination of a bound GRI-MR complex, and the competitive

binding of glucose to MR.

As with our earlier efforts (28-30), the IM?PACT model comprises of two modular components:
(1) a mechanistic model describing the glucose responsiveness of the GRI of choice, which is
plugged into (ii) a physiological model simulating the circulation and metabolism of glucose,
insulin, glucagon, and GRI over time, of humans, rodents, and, as part of the contribution from
this research, minipigs. As illustrated in Figure 5-2, we model the CCM mechanism with the

following kinetics analogous to that of competitive enzyme inhibition (31):

9+hGRI [Gm]+00m L)g (5'1)
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0+h,[Gl==20, (5-2)

=3

Equations 5-5-1 and 5-5-2 respectively describe the binding of the GRI molecule and glucose to
the receptor in charge of competitive GRI clearance, as a function of their concentrations [GRI]
and [G]. In the case of MK-2640, 6, g, and Ocri denote concentrations of unbound MR sites, those
bound to glucose, and those to MK-2640. Their interconversions are dictated by the corresponding
rate constants &, of which k2 in particular captures the irreversible internalization and clearance of
the bound GRI, followed by the recycling of the receptor 6 to the protein surface. The Hill
coefficients Acri and 4G respectively indicate the degree of cooperativity (32) in the binding of

GRI and glucose, the use of both we justify further below with published experimental data.

Figure 5-1B shows how a parameterized mechanistic model quantitatively captures the
competitive inhibition of MK-2640’s binding to MR with escalating concentrations of glucose,
experimentally measured in vitro previously (19). Assuming quasi-steady-state and that the
internalization and receptor recycling step is rate-limiting, we obtain the following expression for
0 (and hence Oc and Oari) as a function of 6Gwt, the time-invariant total number density of MR

binding sites:

O =[GRI*™ /K,
0, =K [G]“ 6
0+6,+6, =06,

tot

0,
9 — tot 5 _ 3
1+ K, [G]" +[GRI]"™™ / K, (5-3)

where K=k, /k, is the glucose binding equilibrium constant and K, =(k, +k )/k is the

Michaelis constant (33). The rate of the GRI’s MR-mediated clearance is thus:

d[GRI] TN
~ k,0,, [GRI]"
K, (1+K,[G]") +[GRI]"~
Ky [GRI]

T K, (1+ K, [G]* ) + [GRI]™

(5-4)

where k =k,0,, lumps together the specific rate of MR-mediated clearance and the local

abundance of participating receptors. Normalizing Equation 5-4 with the uninhibited rate of
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kyge [GRI]® / (K, +[GRI]"), we arrive at the glucose-dependent degree of inhibition previously
probed with in vitro binding assay:

K, +[GRI]"

% Inhibition =1— p
K, (1+ K [G]'*) +[GRI]'

(5-5)

With a given MK-2640 concentration of 4 nM, Km of 3 nM, and Acri of 1.5, the experimental data
in Figure 5-1B were fitted almost perfectly to the mechanistic model, yielding a K of 0.022 mM"
" and a hc of 2.537. The latter falls within the typical range of 1 to 4 for Hill coefficients (34). On
the other hand, removal of the glucose Hill coefficient from the mechanistic model results in a far
inferior prediction of the inhibitory response (Figure 5-1B, dashed) regardless of /4Gri and Ko
values. Given the lack of binding assay data with varying concentrations of MK-2640 at a fixed
[G], hcri of 1.5 was instead inferred from the clinical clamp studies of escalating MK-2640
infusion rates (16). The need for a cooperative AGri larger than unity is clear, however, even before
we attempted to quantitatively fit the model, being (i) evident from the significant initial rise in
MK-2640 clearance with increasing concentrations (Figure 5-6), and (ii) consistent with literature
on insulin-receptor binding (35). Lastly, the mechanistic model outputs a half maximal inhibitory
concentration (ICso) of 7.5 mM for glucose, which is in good agreement with the 8 mM reported

in experiments.

5.3.2. Full-Body Physiological Model of the Glucoregulatory System

The physiological model component of IM*PACT was constructed on the basis of Sorensen-like
models (36-39) with a number of added modules and modifications, for instance accounting for
subcutaneous injection kinetics (29,40,41), intraperitoneal injection kinetics (42), and oral glucose
absorption following meals (30,43). Compared to semi-mechanistic parsimonious models of the
glucoregulatory system (44,45), such physiology-based models enable tracking of hormone and
metabolite concentrations within each organ and allow therapeutics to take effect locally in their
intended compartments (30). Figure 5-1C illustrates the architecture of IM*PACT’s physiological
model, which represents the body as an interconnected network of well-mixed compartments,
mathematically equivalent to a system of ordinary differential equations (ODEs) which we solve

using well-established numerical methods (odel5s, MATLAB R2020a, the MathWorks, Inc.).
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Within an arbitrary compartment, the concentrations of a solute [s] in the vascular (subscript “v”’)

13t
1

and interstitial spaces (subscript “i”’) are respectively dictated by:

V, dls), /dt = O([shan ~[51,) = Vi([s], ~[s)))/T + R, (5-7)

rate of change in/outflow transcapillary exchange

Vid[s]i/dt:Vi([S]v_[S]i)/T+Ri (5-8)

where V' denotes the compartmental volume and Q the arterial blood flowrate through the organ.
The characteristic time of transcapillary transport, 7, together with the concentration gradient,
determines the mass exchange between the vascular and interstitial sub-compartments. For organs

with rapid transcapillary equilibrium, only Equation 5-7 remains relevant and is simplified to:
Vdlsl/dt = O([shen —[sD + R (5-9)

The local rate of metabolism in the compartment, R, sums up the production and uptake rates as a
function of the local concentrations of glucose, insulin, glucagon, and GRI through transfer
functions documented in Table 5-3. Of note, in the liver and when the solute s denotes a CCM
GRI, a key component of the R term is naturally its receptor-mediated competitive clearance seen
in Figures 1A and 2, the rate of which is denoted as RmrcL:

kye VIGRI] e

Ryper = 5-10
M K (1+ K [GT') + [GRI] (>-19)

per Equation 5-4 of the GRI mechanistic model above, where V, kmr, [GRI], and [G] are local to
the liver compartment. Intravenous (i.v.) boli are initialized by distributing the dosage to all
vascular compartments. The treatment of the hexamer-dimer-monomer equilibrium in the

subcutaneous depot is discussed in Table 5-3.

5.3.3. Model Extension for Minipig Simulation

In contrast to the scarcity of GRI clinical data and the abundance of those in preclinical animals,
the vast majority of both the parsimonious and physiology-based simulation platforms to date only
model glucoregulation in humans. To facilitate the preclinical-to-clinical translation of GRI
therapeutics, our recent publication extended the full-body physiological model to rats and mice
with data collected experimentally and extracted from published literature (28). In the present work,

using the same workflow, we adapted our model to Yucatan minipigs on which the Merck team
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performed preclinical MK-2640 studies. Note that while a couple of Merck publications reported
murine and canine data of similar CCM analogs, they are derivatives of MK-2640 with modified
characteristics (17,18). A direct cross-comparison between clinical and animal results is therefore

only possible with the model extended to minipigs.

The process of cross-species model adaption has been documented in detail in our past report (28)
and is briefly described here. Instead of numerically scaling down the human parameters by
bodyweight with empirical allometric exponents, systematic measurements of Yucatan minipigs
were used for the anatomical parameters (Table 5-2), such as the compartment volumes (V) and
hemodynamic flowrates (Q). These experimental measurements were sourced from vendor-
provided datasets (46) as well as research articles (47-50). Particularly of note was a simplified
physiology-based model for diabetic G&ttingen minipigs by Lunze et al., who determined the
parameters for the liver, periphery, and plasma compartments (38). The transfer functions, which
describe the glucose and insulin modulation of each compartment’s metabolic rates, were not
readily available from literature. With sensitivity analyses (51,52), we identified the most
influential of these parameters and subsequently fitted them with regular human insulin (RHI) data
of diabetic and healthy minipigs (16), further discussed in the Results section. As with our previous
model adaptation to rodents (28) and consistent with other published models (45,53,54), we
performed differentiating parameterization of 3 parameters for diabetic and healthy minipigs.
Following the iterative parameterization process, we arrived at a final set of model parameters,
including those specific to the MK-2640 characteristics (see below), that is self-consistent across
RHI and MK-2640 data in minipigs and humans (summarized in Table 5-3). All parameter
estimations were performed with the standard interior-point optimization algorithm in MATLAB

R2020a.

5.3.4. Addressing Key Distinctions between MK-2640 and RHI

Despite that the parameterized physiological model is able to simulate the time evolution of
glucose, insulin, and glucagon concentrations, and that MK-2640 as an insulin-carbohydrate
conjugate functions via insulin receptors like RHI does, it is inaccurate to simulate each MK-2640
molecule merely as an insulin with added MR-mediated clearance. In addition to the MR-mediated

clearance already captured as a part of the mechanistic model above, a number of key
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characteristics causes the GRI behavior to depart from that of endogenous insulin, which we take

into consideration with corresponding model modifications specific to the CCM GRI:

A signature of MK-2640, and in fact of the other promising CCM GRI candidates investigated
preclinically by Merck, is the significantly reduced potency in terms of IR affinity (16—19). With
an IR-binding ICso in minipigs 19.0-fold larger than RHI (14.6-fold in humans), each MK-2640
molecule is equivalent to just a fraction of RHI regarding glucoregulation. This effective
concentration used in the model’s transfer functions is exactly the GRI level scaled by the IR ICso

ratio, which is a rigorous result derived from a kinetic model of the IR binding assay (§5.7).

In spite of the lowered affinity to IR, it is not necessary for a 19-fold increase in dose to achieve a
commensurate efficacy as a unit of RHI. In the subcutaneous minipig experiments, for instance,
only a 4-to-7-fold increase in dose was used. This is primarily due to a reduction of IR-mediated
intrinsic clearance of MK-2640 which is “in inverse proportion to [its] in vitro potency”(16), a
phenomenon commonly observed with chemically modified insulin analogs (55). We
acknowledge this observation in IM>PACT by introducing a scaling factor Arc to the liver, kidney,
and periphery compartments, which represents the ratio between intrinsic GRI clearance and the
default RHI rate. The quotient of the observed in vivo equivalent dose divided by the IR ICsp ratio
(the so-called “in vitro potency”) was used as an initial guess for Airc in the parameterization

process.

Lastly, it was observed among the minipig i.v. bolus data that both RHI and MK-2640 exhibited a
biexponentially declining plasma concentration profile with time (19), consistent with a classic
two-phase model of i.v. pharmacokinetics which distributes the drug between the fast vascular
compartments and the slowly equilibrating interstitial compartments (56,57). Nevertheless, the
experimentally measured central volumes Ve, defined as the ratio between the i.v. dose and the
onset drug concentration, differs by nearly twofold between RHI and MK-2640 (57 vs. 24 mL/kg).
Indeed, Kaarsholm and co-workers note a low steady state volume of distribution in minipigs and
dogs (19). Mathematically to account for the observed reduction in Ve, we scaled down all the
vascular compartments by a factor of Av when a CCM GRI is dosed instead of RHI. In the case of
minipigs, Av was computed directly from experimental observations, instead of being fitted, as

24/57 =0.42.
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5.4. Results

For minipigs, predictions by the parameterized IM’PACT model agree with the experimental blood
glucose and insulin trajectories over time following intravenous (Figure 5-3A, B) and
subcutaneous doses (Figure 5-3C) of RHI and MK-2640 (19). We particularly appreciate the in
vivo measurements of the RHI and MK-2640 concentrations in circulation post i.v. injections
(Figure 5-3A, B, right panels) which helped (i) validate the vendor-provided and literature values
of the compartmental volumes and flowrates, and (ii) anchor the MK-2640 pharmacokinetic
parameters directly. Of note, we mimicked the experimental administration of a-methylmannose
(a-MM, a strong MR-binding antagonist) by blocking off the MR-mediated competitive clearance
pathway completely (i.e., enforcing an Rmrcr of 0 regardless of [GRI] and [G] in Equation 10). In
Figure 5-3B, the corresponding hypoglycemic episode and sluggish clearance of MK-2640 clearly
demonstrate the PK and PD change brought about by the competitive clearance mechanism in
minipigs. As expected, the addition of a-MM is close to irrelevant to RHI’s PK and PD (Figure 5-

3A), as suggested by both experiments and simulations.

Unlike the ongoing clinical trials of Novo Nordisk’s investigational glucose-sensitive insulin
which opted for subcutaneous administration (NCT numbers: NCT04569994 and NCT05134987),
MK-2640 was clinically studied with clamps (16). As illustrated in Figure 5-3D, in a clamp study
(58,59), one varies the real-time intravenous glucose infusion rate (GIR) to counter a predefined
insulin/GRI infusion rate (IIR) so as to maintain the plasma glucose concentration at a setpoint,
shown in Figure 5-3E for the healthy individuals under a series of euglycemic clamps (“Trial 17).
The steady-state concentrations of RHI or GRI (Css) as a function of IIR serves as an indicator of
the pharmacokinetics (Figure 5-3F), from which the amount of clearance can be computed as
IIR/Css (Figure 5-3G). As mentioned earlier in §5.3, the marked increase in MK-2640 at low IIRs
serves as a justification for the cooperative Hill coefficient 4Gri (see also Figure 5-6). The decline
in clearance for IIRs larger than 54 pmol/kg/min, or equivalently for Css over 5 nM, is a signature
of saturating elimination (16). On the other hand, the steady-state GIR is an indicator of the
therapeutic’s pharmacodynamics (Figure 5-3H). It is apparent in all of Figure 5-3E-H that the
IM?PACT-simulated PK and PD of MK-2640 in healthy humans match with those manifested

through the euglycemic clamp experiments (16).
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MK-2640’s PD comparative to that of RHI is better visualized in Figure 5-31 where GIR is plotted
as a function of Css. The simulated relations match with the clinical MK-2640 data as well as the
RHI correlation summarized from a previous literature meta-analysis (16,60,61). Krug and
colleagues concluded that to arrive at a GIR of 5 mg/kg/min (half of the saturation GIR), the
required RHI concentration is approximately 4% that of MK-2640 due to the latter’s significantly
lowered potency. Indeed, IM*PACT outputs a value of 4.2%. These results are not far off from the
aforementioned IR ICso ratio which signifies MK-2640’s weak IR binding affinity (see §5.3.4).
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Figure 5-3. IM3PACT is able to quantitatively describe RHI and MK-2640 behaviors in minipigs and humans.
A and B: Experimentally measured concentrations (circles) of blood glucose, RHI, and MK-2640 in minipigs agree
with IMPPACT outputs (curves) following an intravenous bolus of 0.17 nmol/kg RHI (4) or 0.35 nmol/kg GRI (B).
The experimental MR blockage by a-methylmannose was simulated by shutting off the MR-mediated clearance
pathway completely. C: Similarly, the parameterized mathematical model captures the dose-dependent lowering of
blood glucose levels by both RHI (top) and MK-2640 (bottom) post subcutaneous administration. Circles, minipig in

vivo data; Curves, simulation. D: Schematic explaining the principles of glycemic clamps, where the intravenous
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glucose infusion rate (GIR) is feedback controlled to offset a predefined insulin/GRI infusion rate (IIR), such that the
blood glucose level is kept at a constant setpoint. E-I: Simulated results match with clinical results from Merck’s
euglycemic (80 mg/dL) Trial 1 in terms of measured blood glucose (E), steady-state GRI concentrations (£, clearance
rates (G), and GIR (H), thus capturing both MK-2640’s PK and PD in healthy individuals. The agreement between
simulated and experimental/literature Css-GIR relations for both MK-2640 and RHI means their potency difference
is quantitatively represented in IMPPACT. Each of the grey circles in E-H represents a single clinical measurement.
Experimental results plotted were digitized from literature reports: Ref. (19) for panels A-C; Ref. (16) for panels E-1.
We refrained from reproducing certain error bars in panels A-C and all datapoints below 0.8 nM in panel / as their

original presentation overlapped significantly with other data or figure elements and could not be faithfully digitized.
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Figure 5-4. Subpar glucose responsiveness of MK-2640 clearance in humans and investigation into the
hypothesized causes of the unsuccessful clinical translation. 4-C: In Merck’s clinical Trial 2 (16), type 1 diabetic
patients were clamped first at 90 mg/dL for 3 hours and subsequently at 300 mg/dL for 4 hours, with continuous
intravenous infusion of either 1.4 pmol/kg/min of RHI (4, left) or 40 pmol/kg/min of MK-2640 (4, right). A glucose-
dependent PD response was observed (B), as the GIR increased by 4.1 mg/kg/min for MK-2640 (5.6 in simulation)
and only 3.2 mg/kg/min for RHI (3.7 in simulation) between the two setpoints. Despite moderate PD responsiveness,
the PK of MK-2640 barely changed (C) with a mere 6% difference in clearance (13% in simulation), which directly

contradicted the essence of the design concept. Each grey circle in B and C represents a single measurement. D: We
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performed a straightforward comparison across species by subjecting our human (blue) and minipig (green) models
to the same multi-glycemic clamp protocol previously applied to dogs (yellow). The modulation in clearance was
predicted to be 13% in humans between 80 and 280 mg/dL, expectedly close to the clinical Trial 2 outcome. In
comparison, a 25% change was observed in canine experiments (“~30%” claimed by Kaarsholm ef al. (19)) and 48%
in simulated minipigs. Error bars: digitized standard error. £: Both the parameterized minipig and human models
exhibited inhibition curves shifted away from that predicted by the in vitro MR binding assay (also see Figure 5-1B).
This drift caused a 50% increase in MR ICsy for MK-2640 in minipigs and a 2.3-fold increase in humans, meaning
reduced competition from glucose. F: We sought to validate or falsify a number of hypotheses regarding MK-2640
properties that hindered the clinical translation. (i) If humans hypothetically assumes the same extent of MK-2640
elimination as minipigs via the intrinsic IR-mediated route, the clearance change across the glycemic region was
predicted to be 15%, not far from the original 13% in panel D. On the other hand, we found the interspecies differences
in MR-mediated clearance capacity (ii) and MR ICs (iii, representative of the glucose competitiveness) to be strongly
correlated with differences in MK-2640 PK. G: Only the transposition of both factors in panel F(ii) and (iii) from
minipigs to humans resulted in a modulation beyond 30%, a threshold critical to MK-2640’s entry into the clinical
stage. H: Schematic of the local mass balance of MK-2640 in the liver. O, blood flowrate; [GRI]i, and [GRI], local
MK-2640 concentrations into and out of the liver compartment. I: IMPACT simulations confirmed the Merck team’s
hypothesis that the local hepatic MK-2640 PK demonstrates a more salient glucose responsiveness (a change of 18%)
than that of the whole body. This improved result, however, still does not compare with the preclinical performances
(panel D). J: A simple proxy metric for the extent of MR-mediated MK-2640 clearance, Fmrcr, can be derived from
the liver mass balance in H. Furcr allows direct visualization of the dependence of competitive clearance on local
glucose and GRI concentrations, based solely on MK-2640 parameters and the liver physiology without requiring
simulation. Green curve, Merck’s clinical Trial 1 on non-diabetic individuals (¢f. Figure 5-G); Red curves, Trial 2

protocol applied to diabetic humans and minipigs.
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While Trial 1 clamps performed on healthy individuals did show saturation of clearance at 5 nM
of MK-2640 and higher, it was primarily the two-stage Trial 2 on diabetic patients that concluded
the GRI’s unsuccessful clinical translation (16). As shown in Figure 5-4A’s simulation results,
Trial 2 contrasted a therapeutic’s PK and PD under euglycemic and hyperglycemic conditions by
clamping the patients first at a plasma glucose setpoint of 90 mg/dL for 3 hours, followed by at
300 mg/dL for 4 hours. While the clinical GIR data (Figure 5-4B) suggested a comparatively more
significant rise with MK-2640, which is also captured by the simulations, the reduction in
clearance rates (Figure 5-4C) between the clamp levels was underwhelming: Krug et al. reported
a 6% difference between the geometric means and IM?PACT simulations predict a reduction of
13.0%, both far lower than the 25.1% promised by a different, but similar set of glycemic clamps
on dogs reproduced in Figure 5-4D (16,19). With IM>PACT, we predicted the outcomes should a
diabetic human or minipig undergo the same 6-level clamp protocol as the dogs under a single
fixed IIR. With the clearance rates normalized to the 80 mg/dL euglycemic rate for each
corresponding species, it is apparent in Figure 5-4D that while MK-2640’s clearance always drops
with higher clamp setpoints, the GRI is significantly less responsive in humans than in dogs or
minipigs. We note that the ability to computationally apply an experimental protocol performed
on one species to another could prove powerful in reconciling otherwise incomparable literature

results and aiding clinical translation.

We investigated this disparity in responsiveness by looking for key differences between humans
and minipigs, particularly those pertaining to MK-2640’s PK and PD as recommended by Cho and
colleagues (26). Table 5-1 provides a side-by-side comparison of the relevant parameters in
IM?PACT’s human and minipig models. The numerically largest distinction was identified
between the Amr values of MK-2640. The significantly lower kmr value revealed by the clinical
trials represents a smaller MR-mediated clearance capacity in humans than in minipigs, caused by
a lower availability of participating mannose receptors in the compartment (6t, Equation 5-1), a

slower elimination of each bound MK-2640 (k2), or a combination of both in the human body.

Apart from the total MR-mediated clearance capacity, the maximal degree of modulation in MK-
2640 clearance is naturally also dependent on the capacity of IR-mediated intrinsic elimination.
The latter is characterized in IMPACT by Airc, which expresses IR-mediated capacity of MK-

2640 clearance as a fraction of its RHI counterpart (see Research Design and Methods). As seen
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in Table 5-1, the reduction in IR-mediated clearance is less pronounced in humans (10% vs. 26%
in minipigs), potentially correlated with the relatively higher affinity to IR. In humans, this larger
retention of the intrinsic clearance capacity could have masked a non-negligible modulation in
MR-mediated clearance when one examines the total clearance change of Trial 2. We verify the

validity of this hypothesis below in Discussion.

Orthogonal to Amr which determines the MR-mediated clearance capacity affordable, the glucose
ICso for MR binding characterizes the actual fraction of that capacity utilized as a function of [G]
and [GRI] (see Equation 5-5). In agreement with a prior hypothesis that the in vivo relative binding
strengths to MR could have shifted from the in vitro assay (28), we did find the MR ICso in
minipigs and humans to both drift upwards from the 7.5 mM predicted in vitro, particularly so in
humans with a 2.3-fold departure (Table 5-1, Figure 5-4E). Lastly, the central compartment
volume V. of MK-2640 in humans turned out to be close to that of RHI, in contrast to a ratio of

Av =42% observed in minipig i.v. bolus data (discussed earlier in §5.3.4).

Table 5-1. Interspecies differences in MK-2640 properties hypothesized to have contributed to the unsuccessful

clinical translation. See §5.3.4 for a detailed explanation.

Model
MK-2640 Property Indication P Human Minipig Dimension
arameter
Volumetric rate constant of MR- o .
) o ) Clearance capacity via MR kMR = kﬂm 160.2 606.2 mU/L-min
mediated elimination from the liver*
IR-mediated clearance, o
Clearance capacity via IR AIrc 90% 60% [-]
as a fraction of RHI
Relative affinity to IR, Molecul IR IC,; (GRI) 4,504 5 505b (]
olecular potenc e — . . -
as a fraction of RHI P Y IR IC,, (RHI) ’ !
Ratio of in vivo MR ICso to the in Drift in the most responsive MR ICq, (in vivo) 3 3¢ Lse [
vitro assay (7.5 mM) blood glucose range MRICy, (in vitro) ' ‘
Central compartment volume V., Deviation of peak post i.v.
Av 85% 42%4 [-]
as a fraction of RHI concentration from RHI

2 See Equations 5-5-4 and 5-5-10.

® Based on the in vitro IR binding assay results reported in Kaarsholm et al. (19).

¢ Also see Figure 5-4E.

4 Calculated from the reported i.v. bolus data (19) as analyzed in Research Design and Methods.
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5.5. Discussion

5.5.1. Analyzing Root Cause(s) of the Poor Translatability

Interspecies distinction in each of the five MK-2640’s properties can be hypothesized to have
contributed to the unsuccessful replication of the promising preclinical results in the clinical trials.
We verified the validity of these postulated failure modes in silico by examining simulated clamp
outcomes under hypothetical scenarios where a certain MK-2640 characteristic in minipigs is
transposed to humans. For example, Figure 5-4F(i) showcases a 15.0% reduction in total clearance
between euglycemic and hyperglycemic clamp simulations should the human IR-mediated
clearance of MK-2640 be 60% that of RHI, instead of 90%. While this reduced intrinsic clearance
did accentuate the glucose-responsive MR contribution, a mere 2.0% improvement on top of the
original 13.0% modulation does not qualify the Airc difference as a major contributor to MK-
2640’s lack of clinical glucose responsiveness. Along the same lines, we demonstrate in Figure 5-
7 that the GIR’s glucose responsiveness does not meaningfully improve if the human MK-2640
model adopts the same IR affinity or central compartmental volume of minipigs. Interestingly, in
spite of the large disparity in Av across species, an MK-2640 central volume similar to RHI’s
actually enhances the GRI’s response in humans, as the transposition of the porcine Av of 42%

further truncated the 13.0% clearance reduction to 8.2% (Figure 5-7).

Figure 4F(i1) suggests that the variation of clearance is boosted to 20.4% if the human model
assumes the MR clearance capacity (kmr) of minipigs (see Table 5-1). As expected, a nearly
quadrupled kmr raises the total clearance rates at all clamp setpoints, which in turn shifts the
partition between glucose-responsive (MR-mediated) and intrinsic (IR-mediated) elimination
pathways (Figure 5-4F(ii)). If we block off the MR binding completely by enforcing a Amr of 0,
the clearance rate of 10.2 mL/kg/min is made up solely of IR-mediated MK-2640 removal in the
liver, kidney, and periphery. This means that with the Amr of minipigs transposed to the human
model, 60.2% of the total clearance at 80 mg/dL is accounted for by MR. This percentage is much
closer to Merck’s canine experiments which estimated an MR contribution of 80% at euglycemia
(19), as the unmodified clamp simulations attributed only 33.9% of the total clearance to MR in
humans. The significant change in glucose responsiveness brought about by the cross-species

capacity difference, manifested in the kmr values, confirms the suspicion of Krug and colleagues
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who postulated that the “incomplete understanding of quantitative differences across species in
[MK-2640’s] clearance capacity complicate predictions of clinical GRI PK and clearance” despite

the well-preserved homology of the MR protein (16).

The simulations in Figure 3F(iii) investigate the impact of the MR ICso of MK-2640, which
characterizes the range of blood glucose levels most sensitive to CCM (Table 5-1). We predicted
a modulation beyond 20% if, hypothetically, the MR IC50 in humans is either the same as in
minipigs (22.0%) or as that predicted by the in vivo binding assay (21.3%, see Figure 5-4E). It is
not uncommon for these in vitro assays to deviate from the actual in vivo behavior (62), sometimes
with binding constants differing by orders of magnitude due to changes in receptor presentation,
accessibility, and microenvironment (63). While the fractional inhibition curve shifted rightwards
from the in vitro measurements in both minipigs and humans (Figure 5-4E), only for the latter did
the shift prove detrimental to the glucose responsiveness, as the clinical MR 1Cso of 24.5 mM fell
out of the 80 to 300 mg/dL (4.4 to 16.7 mM) range where clearance modulation is desired. That is,
the MR-mediated clearance was far from completely switched off at hyperglycemia, and the total
MR capacity was not fully utilized for glucose responsiveness. Indeed, as shown in the clinical
Trial 1 data (Figure 5-3G), the total clearance at high IIRs drops to approximately 10 mL/min/kg
after the mannose receptors are saturated. MK-2640 elimination mediated by IR, by deduction,
cannot exceed 10 mL/min/kg. In Trial 2 (Figure 5-4C), therefore, the gentle drop in total clearance
from 14.0 to 12.8 mL/min/kg has ample room for further reduction at hyperglycemia (> 2.8
mL/min/kg), which, if fully utilized, would translate to a satisfactory 28.6% of change. Figure 5-
8 provides additional evidence confirming this conclusion, as an i.v. bolus simulation run on non-
diabetic humans still showed a marked change when a-MM was added, suggesting an active CCM
at low blood glucose (cf. Figure 5-3B). This result points the lack of PK modulation in humans to
MR-mediated clearance remaining significant under hyperglycemic conditions, rather than a lack

of which at euglycemia.

MK-2640 advanced to the clinical stage because of “30% decrease in clearance observed” in
preclinical clamp studies (16,19). While the mediocre glucose-responsive behavior is predicted to
be significantly enhanced when the human IM?PACT model adopts the MR clearance capacity
(kmr) or the MR ICso as in minipigs, both factors have to be combined to surpass the bar as seen

in Figure 5-4G (33.3%). In other words, we conclude the underlying reasons for the failed PK
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translation to be twofold: (i) the mannose receptors in humans were simply not sufficiently
available or rapid for the MR-mediated portion to dominate total clearance, as Krug et al
suggested (16); and (ii) the concentrations able to switch on and off the competitive clearance

mechanism fell out of the clinically relevant glycemic range.
5.5.2. Validating the Hypothesis of a Responsive Local PK

Upon observing the lack of a systemic modulation in MK-2640’s clearance, Krug et al. posited a
glucose- responsive PK change confined locally to the hepatic bed and splanchnic tissues (16). We
hereby investigate this hypothesis by focusing on the mass balance of MK-2640 within the liver
compartment (Figure 5-4H):

O([GRIJ,, ~[GRI])= Ry, ([GRI]) + Ry ([GRI], [G]) (5-11)

where Q denotes the blood flowrate, [GRI]in and [GRI] the MK-2640 concentration entering and
exiting the liver, and RicL the rate of intrinsic clearance mediated by IR. The dependence of RmrcL
on [GRI] and [G] is dictated by Equation 5-10 derived from MK-2640’s mechanistic model.
Naturally, the hepatic clearance (HCL), the volume of plasma cleared of MK-2640 per unit time

in the pharmacological sense, can be extracted from the IMPACT simulations as:

— Rl L RMR L
HCL = %GRH R %GRI] (5-12)

which is presented in Figure 5-4I. Indeed as Krug and colleagues hypothesized, the hepatic
clearance change between eu- and hyperglycemia is noticeably higher (18%) than that manifested
in the systemic pool (13%). Almost the entirety of the responsiveness, as expected, is contributed
by MR-mediated clearance, or the RmrcL/[GRI] term, which is 43% lower under hyperglycemic
conditions compared to euglycemia. The large discrepancy between 43% and 18% is caused by
the dominant contribution from intrinsic IR-mediated clearance, concurring the discussion of
Figure 5-4F(ii) earlier. The sidelined role of MRCL in humans means that even the improved PK
modulation within the liver is only modest in contrast to that previously observed in dogs and

minipigs.
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5.5.3. Visualizing the Glucose-GRI Landscape for Competitive Clearance

Besides confirming the hypothesis of a hepatic glucose-responsive PK, the local MK-2640 balance
within the liver compartment additionally provides a dimensionless proxy, FmrcL, for the extent
of MR-mediated MK-2640 clearance, the landscape of which over [G] and [GRI] can be
analytically mapped out without performing any numerical simulation. To start with, Equation 5-

11 can be rearranged as:

A[C}]KI] — RICL + RN[RCL
[GRI]  Q[GRI] Q[GRI]

= Fier + Birer (5-13)

where A[GRI] is defined as [GRI]in — [GRI]. Fmrcr is defined as the MR-mediated contribution to
A[GRI)/[GRI], which in turn represents the overall extent of MK-2640 elimination in the liver.

Via the mechanistic model of MK-2640 in Equation 5-10, FmrcL can be expressed as:

. Z{A[GRI]} _ R
ML IGRT J,,  OIGRI]

_ [GRI' oV (-1
K, (1+ K [G]*)+[GRI] Q

As shown in Figure 5-4J, this analytical expression allows the FmrcrL landscape in minipigs and
humans to be directly constructed as a function of the local glucose and MK-2640 concentrations.
In contrast to the full-body IM?PACT simulations performed in Figure 5-4F, G, and I, the FumrcL
landscapes are independent of specific clamp protocols and offers a straightforward visualization
of the interplay between various levels of glucose and GRI. For example, the green curve
traversing the human FmrcL landscape in Figure 5-4] represents the escalating-dose clamp study
in healthy human volunteers: the glucose concentration was kept constant at 80 mg/dL (4.4 mM),
while the MK-2640 concentration varied from 0.08 to 68.62 nM. FumrcL rises initially at lower GRI
levels due to the cooperativity in binding, even more saliently so than in Figure 5-3G, before
reaching a maximum and declining as the mannose receptors are saturated at high GRI

concentrations.

The red curves along the Fmrcr surfaces in Figure 5-47 illustrate the proxy’s utility by proving —
in a qualitative but simulation-free manner — the previously identified root causes of the

unsuccessful translation. They respectively represent the two-stage clamp protocol carried out in
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diabetic humans and minipigs, which revealed PK changes between [G] = 90 and 300 mg/dL (5.0
and 16.7 mM). The interspecies disparity in the extent of PK modulation is evident, as Fmrcr shifts
by more than 60 in minipigs and only approximately 30 in humans, hinting that the competitive
clearance mechanism is significantly less responsive clinically. The first contributing factor is the
generally depressed FmrcL landscape in humans. For instance, the Fmrcr maxima over the selected
[G] and [GRI] ranges are 47.2 for humans and 71.0 for minipigs. This is attributed to the lack of
clearance capacity by MR in humans relative to preclinical animals, signified by a small Avr in
Equation 5-14 (see also Table 5-1). Second, while the FmrcL progression in minipigs appears
mostly linear, the noticeable curvature of tshat in humans marks a gradual descent instead. That is,
the most glucose-sensitive linear section of the "S"-shaped response curve (see Figure 5-4E) is not
fully utilized in humans. Both of these factors, directly visualized in the Fmrcr landscapes, agree
with conclusions from our earlier quantitative full-body analyses (Figure 5-4F and G). Although
the FmrcL proxy does not take into consideration the intrinsic clearance rate (i.e., FicL in Equation
5-13), it already warns us of the GRI’s diminished responsiveness in humans based on MK-2640

parameters and liver physiology alone, even before running comprehensive IM?PACT simulations.
5.5.4. Exploring the GRI Design Space for Better-Performing Candidates

As the pattern of glucose binding to MRs as well as the MR distribution is intrinsic to the
physiology, K, ha, and kmr are not considered design parameters of MK-2640 with room for
adjustment. On the other hand, AGri, Km, and the relative IR affinity of a competitive clearance
GRI can be customized by, for instance, designing the linker and number of sugar molecules
conjugated to the mannosylation site (17). Following the protocol previous reported (28), we
scanned the GRI Design Space, or GRIDS, of MK-2640 in both humans and minipigs to identify
the optimal combination of design parameters as well as the performance cap in each species. The
objective function plotted in Figure 5-5A and B is the change in MK-2640’s clearance between 90
and 300 mg/dL, exactly replicating the clinical trial design in diabetic individuals. For each
combination of Acri, Km, and IR affinity, we determined the ratio of MK-2640 and RHI doses
corresponding to the half-maximum GIR. Identical to the clinical trial protocol, this “potency ratio”
was used as a scaling factor to decide the IIR of the two-stage clamp. Since both the glucose-
lowering effect and the intrinsic clearance are mediated by IR-binding, we assumed Airc scales

with the IR affinity accordingly.
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The simulation results in Figure 5-5A and B show a stark contrast: Over the selected parameter
ranges, the best performing competitive clearance GRI records a mere 24% of PK change in
humans, while the optimal GRI candidate in minipigs offers 73%. As shown in Figure 5-9, even
over a set of expanded parameter ranges, the permitted space corresponding to a responsive
clearance modulation of 30% and above is far larger in minipigs than in humans. This means that
before we even consider whether the optimal parameter values identified are experimentally
practical, the prospect of clinical translation is poor for MR-based competitive clearance GRIs. In
other words, we predict that the variants of MK-2640 developed by the Merck team are unlikely

to perform well in humans as well, in spite of their enhanced potency (17,18).
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Figure 5-5. Simulated changes in clearance between eu- and hyperglycemic clamps at 90 and 300 mg/dL for
competitive clearance GRI candidates spanning the entire design space. These MK-2640 derivatives are unlikely
to be sufficiently responsive in humans (4) even with enhanced potency and optimized MR binding kinetics. In
contrast, a much wider range of Agri, Kum, and relative IR affinity combinations is predicted to yield glucose-responsive

PK in minipigs (B).

5.6. Outlook and Summary

The lack of glucose responsiveness revealed in clinical trials put a stop to MK-2640’s development
and destabilized the confidence in the rest of the CCM GRIs. Despite so, many have acknowledged
the tremendous value of the clinical data as well as the overall workflow established by the Merck
team. The use of mannoside antagonist as a mimic for hyperglycemic conditions was recognized
by Hoeg-Jensen as an innovative development for in vitro investigations (22). The synergy
between the iterative experimentation and modeling efforts throughout MK-2640’s development
resulted in streamlined preclinical and clinical studies as well as improved simulation tools (60).
Now, via mechanistic modeling of MK-2640’s glucose responsiveness and translational modeling
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of the full-body physiology, we used the animal and clinical data to pinpoint the factors that
challenged the translation, meanwhile obtaining critical and quantitative knowledge on the

capacity and action of mannose receptors across species.

Availability of additional experimental data could address the limitations of this study. First, as
already discussed, the attribute representative of the overall MR-mediated clearance capacity, kmr,
encompasses both the MR availability (Giot) as well as its specific rate of MK-2640 internalization
(k2). Decoupling of these two degrees-of-freedom would require in vivo or in vifro measurements
additional to existing MR-mediated clearance rates, preferably isolating either the effect of k2 or
6ot. MRC1 gene expression data serve as one potential source of information on MR abundance
and distribution. While the expression levels in humans and pigs have been reported, the
inconsistent sequencing protocols render the cross-species comparability questionable (64—66).
Furthermore, RNA and protein expression levels are only qualitative indicators of MRC1’s activity
and are therefore not the best sources for quantitative information we seek. Second, as Taylor and
DiMarchi pointed out, it is of practical value to understand the impacts of interindividual
variability given MK-2640’s reliance on endogenous biological processes (27). While our
investigations into population-averaged data and simulations are sufficient in identifying
interspecies distinctions central to the GRI’s clinical translation, future iterations of IM’PACT
could benefit from population statistics founded on systemically measured, individualized RHI
and MK-2640 data in both animals and humans (67), ideally with a quality that parallels the clinical
RHI dataset (68) upon which the acclaimed UVa/Padova model was established (69,70). An
obvious starting point would be the MK-2640 clinical trial data from 36 healthy and 16 diabetic
adults, although only a small subset of experimental results were made accessible and
individualized in the publications (16). The glycemic clamp results were also subject to
interferences from external conditions such as algorithms of the GIR feedback controller (71), and
the steady-state readings may not be as informative to the mathematical model as a time-index

concentration portrait.

In summary, we investigated the clinical translatability of competitive clearance GRIs via
translational in silico modeling based on preclinical and clinical data of MK-2640 and RHI. We
upgraded upon our previous platform with capabilities of simulating minipigs’ glucoregulatory

system as well as mechanistically describing the CCM scheme. The simulation results of our
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parameterized model quantitatively match data from in vitro binding assays, intravenous boli,
subcutaneous injections, and glycemic clamps. Expanding upon theories posited by the
experimentalists, we identified and examined potential inter-species distinctions in GRI and
mannose receptor properties that could have compromised the clinical translation of MK-2640. By
running hypothetical clinical clamps with these MR properties varied one at a time, we concluded
that the poor translatability was the consequence of a combination of insufficient clearance
capacity in humans and also an in vivo competitiveness profile mismatched with the
physiologically relevant glycemic range. Meanwhile, altered IR-mediated clearance, potency, and
distribution volume of MK-2640 were found to be minimally relevant to the lack of a responsive
PK in the clinic, despite them being key parameters to the design of CCM GRIs in general. We
hope this study establishes the utility of in silico platforms like IM?PACT in not just design
optimization and translatability prediction (3,28,60), but also a posteriori analyses of preclinical
and clinical data, from which quantitative, mechanistic inferences can be extracted beyond the
explicit metrics. Such investigations should be an integral part of the drug development workflow,
regardless of the trial outcome, as they channel the maximal value of an experimental study
towards future therapeutics meaningful for patients. On a grander scale, IM*PACT builds towards
the new paradigm where computational tools take on a critical role in all stages of pharmaceutical
research and development: from drug design, candidate screening, preclinical testing, to clinical
development (3,28,60). Progressing hand-in-hand with experimentation, in silico tools accelerate,
derisk, and optimize the experimental workflow, while at the same time improving iteratively via

the additional data generated.

5.7. Appendix A: Mathematical Treatment of MK-2640’s
Reduced IR Affinity

The physiological model component of IM?PACT was established for describing the interplay
among glucose, glucagon, and regular human insulin (RHI). For the two-state GRI design studied
in our previous work (28), the dormant form was assumed to be triggered by the presence of
glucose to become the activated form indistinguishable from an endogenous RHI molecule. MK-
2640, however, is known to be significantly less potent on the molecular scale relative to RHI due

to its weak binding to insulin receptors. As briefly mentioned in Research Design and Methods,
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we addressed this discrepancy by using an equivalent RHI concentration, [RHI]eq, in IM’PACT
simulation, scaled from the local MK-2640 concentration, [GRI]. Through the rigorous derivation
below, we found the scaling factor to be exactly the ratio of RHI and GRI ICso extracted from their
respective IR-binding assays. These ICso values should be distinguished from those obtained from
the MR-binding assays where MK-2640 and glucose compete for mannose receptors. In an IR-
binding assay, a generalized antagonist (“A”) competes with radio-labelled RHI molecules (“17)

for insulin receptors:

O+1==26—0+P (5-15)
& N ,
0+A==0, —~ 50 (5-16)

The extent of competitive binding can be quantified by measuring the signal of P, the product
derived from bound radio-labelled RHI. With the same quasi-steady-state assumption as in

Equation 5-3, we derive:

do
7;=kﬂ[ll—(k4 +k,)6 =0 (5-17)

The same can be carried out for dfa/dt based on Equation 5-16. We therefore relate the

concentrations of free (), RHI-bound (61), and antagonist-bound IR sites (6a) by:

szﬂ[l] _dan
Uk, kK
_kAA_aA] (-18)
ok +k K,

where Ki = (k3 + ka) / k3 and Ka = (ks + ka) / ks. Given 61 + A + 6= O, we are able to obtain an

expression for 61 dependent only on known variables:

9[ — 0{01 [I] (5_19)
[+K[A]/ K, +K,

In a control experiment where the antagonist is absent, 61 is obviously:

6. [1]
9 — tot _
o ek (5-20)

When [A] = [Alicso, therefore, 61 is by definition half of 61, max:
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1 6,01 Gull]
Licso — = (5-21)
2[I+K, [+K[Al, /K, +K

In other words,

K
[Al s = ?A [I]+K, (5-22)

1
Since the derivation does not depend on specific antagonist used in the assay, the species A may
represent either MK-2640 (the “GRI”), or simply RHI molecules which compete with their

labelled counterparts. We derive the corresponding ICso expressions from Equation 5-21:

[RHI], ., =[]+ K (5-23)

KA
Icso — ? 1]+ KGRI (5 '24)

1

[GRI]

where Kari is the Ka for MK-2640. Incidentally, we notice the ratio of the ICso values is exactly:

[RHI]Icso zi (5-25)
[GRI]ICSO KGRI

Since the glucose-lowering effect of insulin and MK-2640 takes place with bound IRs as an
intermediary, we can define [RHI]eq as the concentration of RHI that yields the same 61 as the fcri

resultant from a certain local MK-2640 level.

RI RHI
g. =19 1o I, 6=6 (5-26)
KGR[ Kl
Therefore,
K
[RHI], =[GRI]—-
e [RHT (5-27)
=[GRI]——<
|:GI{I]ICSO

given Equation 5-24. The simple yet exact relation in Equation 5-26 allows us to use the
physiological model developed for RHI for MK-2640 simulation. The IR 1Cso values for both RHI
and MK-2640 have been experimentally determined in vitro for humans, minipigs, and dogs (19).
When we used these respective in vitro 1Cso as initial guesses for MK-2640’s in vivo relative IR

affinities (see Table 5-1), the parameterized values deviated very little from the in vitro ratios.
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5.8. Appendix B: Supplementary Tables and Figures

Table 5-2. Physiological parameters for minipigs and humans based on a priori experimental measurements

published in the literature or by the vendor.

Physiological o ) Physiological ) )
Minipig Human Unit Rats Mice Unit
Parameter Parameter
Bodyweight 36 70 [ke]
G
orainy 5.25E-1 1.69E-04
. Vorain 35562 1.21E-05
Voming 1.31E-1 1.07E-03
g Vi 5.83 5.79E-03 Viear 2.95E-1  4.14E-04
£
5 G !
& Jungs 8.62 1.78E-02 Viungs 3.16E-1  6.86E-04
S [dL] [L]
VG VI
"‘5 gut 613 826E-03 gut 531E-1 743E-04
8 G 1
E ey 2.00 2.93E-03 idneys 1.44E-1  2.43E-04
o
> G 1
periphery,v 5.95 5.20E-03 periphery,v 4.03E-2 3.72E-04
p(ein'phery,i 2.69E1 1.62E-02 pIeriphery,i 2.69 1.62E-03
Opain 1.97 8.88E-04 Orin 133E-1  6.35E-05
Oroan 3.68E1 5.12E-02 Orean 2.49 3.66E-03
Oes 1.01E1  1.73E-02 Ongs 6.85E-1  1.24E-03
]
& oM 8.85 1.47E-02  [dL/min] O 5.99E-1  1.OSE-03  [L/min]
z
=]
= Oy 6.56 9.21E-03 Oriney 444E-1  6.59E-04
o
[=]
= Oiphery 181E1  2.38E-02 Oreriphery 1.23 1.70E-03
Depaicariery 127 2.66E-03 Ohpaicartery 8O0IE-2  1.91E-04
Qmuscle / Qadipose 122b 2.74 [-]
G 1
° periphery 4.0 5.0 periphery 1.6E1 2.0E1
8 [min] [min]
G
= ]—;)rain 17 21

2 Compartmental volumes used in the minipig model are based on systematic measurements done by Sinclair Bio

Resources, LLC (46). Blood flow rates are based on haemodynamics measurements in Wyler ez al. (47). Values
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used in the human model are scaled 1.35-fold from those in Sorensen’s original publication to match with the

intrinsic RHI clearance rate observed in clinical trials (16,36).

b Based on the work of Suenderhauf and Parrott (72).

¢ TDT, the transcapillary diffusion time between the vascular and interstitial volumes, were scaled by body mass

from the human models.

Table 5-3. Pharmacokinetic parameters for minipigs and humans. Estimated (Est.) and distinguishingly

parameterized (Dis.; i.e. separately estimated for the healthy and diabetic populations) variables are marked by circles.

MINIPIGS
Diabetic Healthy Unit Est. Dis.
Ryqy REGOM fiauM gy [mg/min]
Rigy 8.01 [mg/min] o?
Hepatic Mgy 2.83 + 2.83tanh{1.60([G]Ln — 1.48)} [-] ob
Glucose 1
dM . - .
Uptake ﬁ (M o0 = Myueu) / 7, [min']
Mgy 2.00tanh(0.55[1]t.n) [-]
T, 25 [min]
Ryap REGM (oM oM [mg/min]
basal Rbasal .
Rycp AGU [mg/min]
k=H, P, B,RBC, G
G 1.02 — 0.02tanh 1.19 — 1.27tanh
My [-] ob o
(6.47 ([G]in— 0.43)} {1.26([G]in— 0.33)}
Hepatic dM}, o
p M yr (Mo =My 7, [min"']
Glucose dt
Production M G 1.01 — 0.16tanh {0.60([T].n — 0.89)} [-] o
MlSGP Ml—l;gp - fz [-]
M e tanh{19.12[]a} [-] o
df, I dt (Mg —-D/2-fi} /1, [min]
2P} 65 [min]
RPGU RIEZSGIMI?GUMII*GU [mg/min]
Periphery Ryey! 42.88 [mg/min] oa
Glucose My [Glrin []
Uptake
. 8.37 + 9.00tanh 18.98 + 18.00tanh
My [-] o o

{0.29([1]p.in — 4.99)} {0.80([I]p,in — 5.66)}
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Kidney

71+ 71tanh[0.11([Gl, ., —460)]

if 0 <[Glijpey <460mgdL’
Glucose Ryge [mg/min]
=330+ 0.872[Glyi40ey
Excretion' if G]kidney > 460 mg dr
Kidney R KIC FKICQ;( [K [mU/mln]
Insulin
Feic - -
Clearance Kie 3.00E-1 [-]
Liver Insulin Ry Fpic (Qa]dipmc[l]hearl + Qg[ul[l]gm) [mU/min]
Clearance Flic 4.00E-1 [-]
M 1 [I]muscle.i
uscle
RMIC 1-F PIC 1 _ I;uscle [mU/ min]
Insulin FPIC Qr[nuscle anmscle,i
Clearance
Fpre 2.23E-2 4.21E-2 [-] o o
Adipose Maipose.
Insulin R, 1-Fe 1 Tagipose [mU/min]
F QI T
Clearance PIC adipose adipose,i
Brain Glucose )
Rygy 2.94¢ [mg/min]
Uptake
Red Blood
Cell Glucose Repcu 4.91¢ [mg/min]
Uptake
Gut Glucose )
Roou 27.08 [mg/min] od
Uptake
Reinadiposei K bs [ gin Jaepor [mU/L/min]
dily, ] .
dj‘l Ky Mex ] = (Kypg + Koo ) g 1 [mU/L/min]
Subcut: [l ]
uheniaeons " (ki + KT ] [mU/L/min]
Insulin
Absorption? RHI kabs 4.90E-3 [min] o
RHI Awdm 1.40E-2 [min] o
Kioss 3Diuu(3yinj / 4”)72/3 [min‘l]
D, 9.00E-5 [cm?/min]
Ka 6.8E-3 [ mM %6 ] of
: f
Parameters ha 25 ] °
. K 3.08 M
Specific to M [nM]
: f
MEK-2640¢ hari 1.5 [-] o
GRI kabs 4.40E-3 [min] oh
GRI kb/dm 1.40E-2 [min] oh
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HUMAN

Diabetic Healthy Unit
RHGU R;?SMSGUM;GU [mg/min]
RiGY 20 [mg/min]
G —1.02 + 2.26tanh 5.66 + 5.66tanh _
Hepatic Mgy [-] ol
{4.80([G]Ln— 0.70)} {2.44([G]Ln — 1.48)}
Glucose 1
dM B
Uptake T‘;GU (M o0 = Mygu) /7, [min']
Mgy 2tanh(0.55[I]Ln) [-]
3 25 [min]
Rycp R M oM oM [mg/min]
RiGH R&S [mg/min]
k=H, P, B,RBC, G
Mg 1.42 — 1.41tanh{0.62( [G]La — 0.50)} [-]
I
Hepatic % R:?;IMSGPMILGPM;GP [min‘l]
Glucose
Production M, 1.21 — 1.14tanh {1.66([1]L.. — 0.89)} [-]
Mg M e = 1 [-]
M G 2.7tanh {0.39[T']n} [-]
df, / dt (Mg -1 /2-fi} /7, [min!]
7, 65 [min]
Ry REETM pouM g [mg/min]
Periphery Ryey! 40 [mg/min]
Glucose MS, [Glpin ]
Uptake
. 7.03 + 6.52tanh 11.00 + 16.96tanh _
Mgy [-] o!
{0.34([1]p.in — 5.82)} {0.07([1]pin — 10.84)}
71+ 71tanh[0.11([G],;4,,, —460)]
Kidney ; if 0.<[Gl, <460mgdl’ |
Glucose KGE -330+0.872Gly, [mg/min]
Excretion i G]kidney > 460 mg dr
Kidney Ryic FeOxly [mU/min]
Insulin
F, - -
Clearance Kie 3.00E-1 [-]
Liver Insulin Ry Fpie (O gipose [Whears + O ue[1400) [mU/min]
Clearance F 4.00E-1 [-]
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[I]muscle.i

Muscle

Ryye = 1-Fpe 1 _ I;uscle [mU/min]
Insulin FPIC Qr[nuscle anmscle i
Clearance
Forc = 1.50E-1 [-]
Adipose Maiposes
Insulin R, = I-Fpe 1 7;ld|pose [mU/min]
1 I
Clearance F, pIC Qadipose V:xdipose.l
Brain Glucose )
Rygy = 70 [mg/min]
Uptake
Red Blood
Cell Glucose Rescu = 10 [mg/min]
Uptake
Gut Glucose )
Ry = 20 [mg/min]
Uptake
Ryinadiposei = K bs [ gin Jaepor [mU/L/min]
Al ] .
dt = Kam [T ] = Ry + Koo )L ] [mU/L/min]
S b d[Ihex] .
ubcutaneous 0 = ~(kyyam + Kioss x| [mU/L/min]
Insulin
= i in!
Absorptiont RHI kabs 8.90E-03 [min]
Kbt = 5.65E-02 [min'!]
Kioss = 3D, (30, / 47) ™" [min™']
D, = 9.00E-5 [cm?/min]
Ka = 1.1E-3 [mM™ ] of
Parameters
h = 2.5 - f
Specific to ¢ ] °
) = g
MK-2640¢] K 3.4 [nM]
hari = 1.5 [-] of

Estimated from literature-based initial guesses (38,48,50).

[Glin,[1kn, and [T']s denote glucose, insulin, and glucagon concentrations normalized by the steady state levels,
where k denotes the corresponding compartment. Naturally, all multipliers (M) should assume a value of 1 for a
normalized concentration of 1.

Based on measurements previously reported in the literature (49,73).

Simulation of the subcutaneous injection depot follows the work by Bakh ef al. (29), which in turn was based on
Wong et al. (40,41). This model assumes an equilibrium between hexameric insulin and dimeric/monomeric
insulins. The latter are absorbed from the injection depot into circulation at a rate dictated by kaps.

Excluding the parameter values already shown in Table 5-1 of the Main Text.

See Research Design and Methods.
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¢ Directly measured experimentally by Kaarsholm et al. (19).

injection data reported in Kaarsholm et al. (19).

MK-2640’s subcutaneous injection rate constants in minipigs were estimated from the diabetic subcutaneous

i Expressions of M%ygy in diabetic humans and M'pgy in non-diabetic humans were adjusted to match the clinical

results. Previously in the original Sorensen report (36), M®ugu was only parameterized with measurements on

healthy individuals and M'pgy, diabetic patients. Their respective application to diabetic and healthy humans,

therefore, called for refinement with the most recent data with matching health conditions.

>
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MK-2640’s kqps and knam in humans are unavailable since no subcutaneous clinical data were published.
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Figure 5-6. A cooperative Hill coefficient hGRI is necessary to capture the initial rise in MK-2640 clearance at lower

IIRs as reported in Trial 1 clamp study of MK-2640 (16). This is evident by contrasting the simulated clearances with
hori= 1.5 (4) and Agri =1 (B). In both panels, # =2.537 and Kv = 3.4. K was adjusted to 1.41E-2 in panel B to match

the in vitro inhibition curve. The arrows serve as guides for the eye.

MK-2640 Clearance [mL/kg/min]

24

12

M Human w/ GRI's IR Affinity as in Minipigs
Human Unmodified

-14%

80 120 160 200 240 280
Plasma Glucose Setpoint [mg/dL]

B

MK-2640 Clearance [mL/kg/min]

24

12

M Human w/ GRI's Compartmental Volumes
as in Minipigs
Human Unmodified

— 8%

A

240 280
Plasma Glucose Setpoint [mg/dL]

Figure 5-7. MK-2640 parameters found to not have contributed to the clinical underperformance despite their

significant interspecies differences in minipigs and humans (cf. Figure 5-4F, G, also see Table 5-1). 4: A modulation

of 14% was observed if the same MK-2640 IR affinity was simulated in humans as in minipigs, which was a minimal
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improvement from the base case (13%). B: [f MK-2640’s compartmental volumes in minipigs were used for the human

physiological model, the change in GRI clearance would be even worse (8%) than the base case scenario.

MK-2640 IV to Non-Diabetic Human
100 —— Identical to Above, but with MR Binding Blocked

50

Plasma Glucose [mg/dL]

0 45 90
Time [min]

Figure 5-8. Simulated plasma glucose response to an intravenous dose of MK-2640 in a non-diabetic human, with
(yellow) and without (blue) competitive clearance by MR. While the difference between the two scenarios is smaller
than in a non-diabetic minipig (see Figure 5-3B), it was evident that MR-mediated clearance was not completely shut
off under eu- and hypoglycemic conditions in humans. The MK-2640 dose was selected to be 4.85nmol/kg, scaled
from the RHI dose of 0.17nmol/kg (19) by the same factor used in the clinical trial (16).
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Figure 5-9. Simulated changes in clearance between eu- and hyperglycemic clamps at 90 and 300 mg/dL for

competitive clearance GRI candidates spanning a design space expanded from that in Figure 5-5. Even with wider
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parameter ranges, only a minimal set of parameter combinations translates to a clearance modulation above 30% in

humans (4), in stark contrast to the minipig simulations (B).
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CHAPTER 6

Emergent low-frequency self-oscillation in the microscale and its

application as an autonomous oscillatory microgenerator

This chapter has been adapted from:

Jing Fan Yang*, Thomas A. Berrueta®, Allan M. Brooks, Albert Tianxiang Liu, Ge Zhang, David
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Marc Z. Miskin, Todd D. Murphey, and Michael S. Strano. 2022. “Emergent Microrobotic
Oscillators via Asymmetry-Induced Order.” arXiv: 2205.09814. Nature Communications.
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6.1. Abstract

Spontaneous low-frequency oscillations on the order of several hertz are the drivers of many
crucial processes in nature. From bacterial swimming to mammal gaits, the conversion of static
energy inputs into slowly oscillating electrical and mechanical power is key to the autonomy of
organisms across scales. However, the fabrication of slow artificial oscillators at micrometre scales
remains a major roadblock towards the development of fully-autonomous microrobot. Here, we
study a low-frequency relaxation oscillator that emerges from the interactions of a simple
collective of active microparticles at the air-liquid interface of a hydrogen peroxide drop. Their
collective oscillations form chemomechanical and electrochemical limit cycles that enable the
transduction of ambient chemical energy into periodic mechanical motion and on-board electrical
currents. Surprisingly, the collective can oscillate robustly even as more particles are introduced,
but only when we add a single particle with modified reactivity to intentionally break the system's
permutation symmetry. We explain such emergent order through the discovery of a
thermodynamic mechanism for asymmetry-induced order. The energy harvested from the
stabilized oscillations enables the use of on-board electronic components, which we demonstrate
by cyclically and synchronously driving a microrobotic arm. This work highlights a new strategy
for achieving low-frequency oscillations at the microscale that are otherwise difficult to observe

outside of natural systems, paving the way for future microrobotic autonomy.
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6.2. Introduction

The ability to produce low-frequency oscillations is central to the autonomy of living beings, and
is essential to key biological processes such as heartbeats, neuron firings, breathing, and
locomotion (1-3). While complex electronics operate at ever-increasing clock rates of many
gigahertz, the frequency of many important biological oscillations seldom exceeds 100Hz. The
slow rate of these oscillations stems from a need to be commensurate with both the energy budget
and the natural timescales of underlying biological processes, as in the transport of CO2 in plants
(4) and in the galloping of horses (5). Unlike oscillations arising from external periodic forcing
(6-9), these self-oscillations emerge spontaneously from the balancing of competing dynamical
processes driving systems away from equilibrium (10-12) — a signature of living systems (13). In
artificial microsystems, however, the production of slow self-sufficient self-oscillations is
counterintuitively difficult (14, 15). Generating self-sustaining mechanical scillations at the
microscale typically requires the transduction of complex chemical oscillators (e.g., Belousov-
Zhabotinsky reaction (16)) into periodic changes to a system’s physical configuration (8, 17-21).
Alternative mechanisms for producing self-sufficient mechanical oscillations based on carefully
designed dynamic coupling between responsive elastic materials and thermal (12, 22), chemical
(11, 12, 23), or moisture stimuli (24) have typically been demonstrated in millimetre-scale (and
larger) devices. In contrast, generating slow periodic electrical signals remains prohibitively
challenging aboard untethered microscale devices (§6.7), given the limited downward scalability
of capacitors and inductors (25, 26), as well as the power and footprint demands of CMOS
oscillators, frequency dividers, and energy modules (27-29). Despite these challenges, recent
progress has shown that self-sustaining electrical oscillations can be produced by modulating
electrical resistance with mechanical feedback loops in carefully designed devices, presenting a
promising mechanism for sub-500um electrical self-oscillators (14). In this work, instead of
relying on complex chemistries, integrated electronics, or elaborate mechanical microstructures,
we produce robust electromechanical oscillations aboard a collective of deceptively simple
microparticles by exploiting the self-organized properties of their far-from-equilibrium dynamics.
By breaking the permutation symmetry of a homogeneous particle collective situated at an air-
liquid interface, we reliably control their dynamics to realize simultaneous chemomechanical and

electrochemical periodic energy transduction. We achieve this by introducing a particle with an
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enhanced reaction rate, whose stabilizing effect on the system behaviour we analyze through the
lens of asymmetry-induced order. In turn, through a simple bimetallic on-board fuel cell design,
we transduce the system’s self-oscillations into periodic electrical work to power state-of-the-art

microrobotic components, without the need for batteries or external sources of energy.

6.3. Emergent Low-Frequency Oscillation

Figure 6-1 presents a system of simple microparticles where low frequency chemomechanical self-
oscillations emerge from the coupling of otherwise self-limiting catalytic reactions easily trapped
at equilibrium. Figure 6-1a shows that each of these microparticles, composed of nothing more
than a nanometre-thick Pt patch of radius 125um microfabricated beneath a polymeric microdisc,

generates a gas bubble when placed at the curved air-liquid interface of a H2O2 drop via
H,0, 2 >H,0+1/20,1 (6-1)

This well-studied catalytic reaction has been a long-time favourite in both micro- (30-33) and
macroscopic robotics (12, 34), noted for the fuel’s high energy density and simple chemistry (34).
For a single microparticle situated at the interface, the chemical reaction in Figure 6-1a is self-
limiting as the bubble grows and gradually blocks off the fuel’s access to the catalyst.
Consequently, the single-particle system reaches its equilibrium state promptly: The microparticle
remains motionless for a prolonged time (Figure 6-1d) and the bubble asymptotically reaches a
terminal radius without rupture (Figure 6-1c). However, a drastic change occurs when a second
identical particle is introduced to the system. Figure 6-1b shows that as the microparticles enter
each other’s proximity, the separately-formed gas bubbles merge. The freed-up catalytic surface
area then disrupts the self-limiting chemistry, destabilizing the original single-particle steady state.
This allows the merged bubble to grow beyond its threshold, leading to its rupture (Figure 6-1e, ¢
= 3.2s). The collapse imparts an impulse onto the microparticles and propels them in opposite
directions, at which point the particles are drawn back towards one another by the restorational
forces: First, the radial component of buoyancy, Fg, globally directs the particles towards the apex
of the concave air-liquid interface (9). Second, the local interfacial deformations result in a mutual
attractive capillary force F., affectionately known as the “Cheerios effect” (35, 36). The
combination of this Cheerios effect and catalytic bubble generation has been observed to produce

repetitive back-and-forth motion (37, 38) in swarms of tubular swimmers (39, 40). All of these
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factors sum up to a repeatable cycle of mutual approach, contact, bubble merger, and bubble
collapse that we refer to as particle beating (Figure 6-1e). The robustness of this self-sustained
cycle is evidenced by the tracked coordinates of the two particles over a course of 280s (Figure 6-
1), which contrast the single particle scenario where practically no motion was observed. Notably,
while the central challenge in self-oscillatory systems is to keep them away from equilibria (11,
15), such states are virtually eliminated from our system by the effectively instantaneous nature of

bubble collapse.

We monitored the oscillatory behaviour of the system by tracking its breathing radius 7(¢) over

time, defined as:

r(r)%ﬂ(x,-(r)—?cf+(yi<r)—}>2 (62)

i=1

for a collection of N particles each with coordinate (xi(¢), yi()) at time 7. In other words, 7(¢) is the

Euclidean distance from the collective’s centroid ( X, ) ) to each particle, averaged over all particles

(see annotations in Figure 6-1¢). The system’s periodic beating is evident in the time evolution of
r(t) (Figure 6-1g, left panel), the limit cycle of its 7(¢) phase portrait (Figure 6-1h, Methods), as
well as the narrow peak in the recurrence time histogram (Figure 6-1i, Methods). Taken together,
these analyses serve as conclusive evidence of the long-term stability of system oscillations. The
analysis in Figure 6-11 shows a period of 3.2s for the two-particle system in 10.7wt% H202,
consistent with Figure 6-1g. The period remains constant throughout as revealed by the moving-
window recurrence analyses (Methods), since a negligible 0.02% of the fuel is consumed over
280s based on stoichiometry. We developed a mechanistic model based on calculated Fg, F., and
the non-Stokesian drag force Fa (§7), and found that it captured even the detailed dynamics of the
breathing radius’ time evolution (Figure 6-1g right panel, also Figure 7-2). We verified the
consistency of the beating frequency across 8 sets of independent experiments with 10.7wt% H202
in Figure 6-1j. Additionally, the beating frequency’s dependence on H202 concentrations points to
a mechanism for exerting fine control over the beating frequency, as predicted by our mechanistic

model based on a Langmuir-Hinshelwood kinetics of the catalytic surface (Figure 6-1j) (41, 42).
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Figure 6-1. Emergence of chemomechanical microparticle self-oscillation. a, Schematic of a self-limited system
of a single particle resting still at the air-liquid interface of a H202 drop. The particle is composed of a catalytic patch
of Pt (yellow) underneath a polymeric disc (blue). The O2 formation slows down asymptotically over time as the gas
bubble restricts the available catalytic surface area. b, A 2-particle system, in contrast, exhibits an emergent and self-

sustained beating behaviour as the bubble merger restores the previously hindered reactivity, thus disrupting the
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equilibrium state. c¢,d, Micrograph sequence (c) and tracked particle coordinates (d) of a 1-particle system that remains
still for an extended period of time. e,f, Micrograph sequence (e) and tracked coordinates (f) of a 2-particle system
with emergent beating. The breathing radius, r(t), is the distance from the collective’s centroid to each particle,
averaged over all particles. g, The long-term breathing radius trajectory of the same system as in (e) and (f)
demonstrates the robustness of the beating behaviour. The shaded portion is magnified in the right panel, where the
mechanistic model simulations (black, §7) are shown to match the experimental curve (blue). h, The phase portraits
of 4 independent 2-particle experiments demonstrate reproducible limit cycles with closed-loop orbits, confirming the
periodicity of collective beating. Note that to calculate the phase portraits the system’s bubble-driven discontinuities
were processed through a standard finite-impulse response filter (see Methods). All phase portraits share the same
axes. 1, The recurrence histograms of the same 4 experiments all display a narrow peak centred at a period of 3.2s,
consistent with visual evidence in (e). All histograms share the same axes. j, The beating frequency can be tuned with
the concentration of H202. The dependence predicted by the mechanistic simulations on the basis of a Langmuir-

Hinshelwood kinetics (black curve) matches the experimental measurements (blue markers). Scale bars, 500um.
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6.4. Persistent Periodicity via Symmetry-Breaking

Our findings in Figures 6-2 and 6-3 show that the stable emergent self-oscillation can be extended
well beyond N = 2, although curiously only when the system’s permutation symmetry is broken
and not in a homogeneous system of identical particles. We extracted the bubble burst interarrival
time statistics by tracking the time that transpires between each pair of consecutive bursts in
recorded experiments (Figure 6-2a). In homogeneous systems of identical particles (Figure 6-2b),
we show that the likelihood of periodic beating dwindles gradually with rising particle counts N,
reflected in the progressive decay in the sharpness and amplitude of the initial 3.2s peak
corresponding to periodic beating. The decay of collective periodicity is accompanied by an
increase in the probability mass of frequent and unpredictable bubble bursts taking place less than
a second from one another—a result of bubble mergers and collapses among subsets of particles
(see representative N = 5 and 8 micrographs in Figure 6-2b). Interestingly, we find that the
interarrival time distributions of systems beyond N = 7 become statistically indistinguishable from
those of a Poisson process (Figure 6-2b, bottom panel) (43). This shows that our system’s
phenomenology can remarkably vary from coordinated and reliable periodic beating to
independent and effectively stochastic bubble bursts merely as a function of N. The breathing
radius trajectory in Figure 6-2c confirms the loss of periodicity, as no structure can be discerned

from the noisy low-amplitude fluctuations.

The gradual transition towards aperiodicity in Figures 6-2b and ¢ points to the nominal fragility of
periodic beating as the system size increases. Reasoning that the deliberate introduction of
heterogeneity has been shown to produce asymmetry-induced order (44) in complex networked
systems (45—47), we investigated the effect of permutation symmetry-breaking on the robustness
of particle beating across system sizes. Based on the role buoyancy plays in the beating physics
(§7), we hypothesized that particles could be made dynamically distinct from one another by
controlling the relative size of their accompanying bubble. We tested the impact of this
heterogeneity on collective order with Rattling Theory (48, 49). This thermodynamic theory
explains the way in which correlations among driven degrees of freedom give rise to system-level
fluctuations that govern the long-term stability of system configurations. The magnitude of these

fluctuations, as quantified by Rattling 2, serves as an index describing the system’s degree of
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disorder. Since lowering & requires substantial correlations among degrees of freedom, systems

in low-& configurations often exhibit emergent order.

We constructed a theoretical model that analytically connects a bubble’s relative size with its
contribution to system-level fluctuations, and in turn collective order. The model’s predictions in
Figure 6-2d suggest that any deviation in a single particle’s bubble size relative to the rest of the
ensemble (i.e., with relative burst intensity away from 1x) results in a more orderly system as
quantified by lower . Interestingly, the reduction in & is found to be particularly significant
when a bubble larger (and stronger) than its peers is introduced, which we confirmed with
experiments. We note that this novel mechanism for asymmetry-induced order applies to a broad
class of complex systems wherein parametric heterogeneities control the fluctuations of strongly

interacting elements.
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Figure 6-2: Observations of emergent order via symmetry-breaking. a, Schematic of interarrival times in a system
of beating microparticles, defined as the time that transpires between two consecutive bubble collapses. The
interarrival time distribution should be tight (i.e., a single peak) in a perfectly periodic system, and broad in an
aperiodic system. b, (top to bottom) Interarrival time distributions and optical micrographs for homogeneous systems
of N =2, 3,5, and 8 identical particles. As N increases, the collective system periodicity gradually decays and
transitions to an exponential interarrival distribution at N = 8 (bottom, black curve). Scale bar, 500um. ¢, Indeed, we
observe that the breathing radius of a homogeneous N = 8§ system is not periodic. d, Asymmetry-induced order across
N predicted by Rattling Theory. A quantification of collective disorder, the system’s Rattling & is predicted to be
lower (i.e. more orderly) if the relative burst intensity of one particle is increased beyond or decreased below 1x, which
signifies homogeneity. This is experimentally realized by modulating the Pt patch size on a “designated leader” (DL)
particle relative to the others. The curves are offset to make all 92 = 0 at 1x intensity to highlight the effect of system
heterogeneity on Rattling. e, Same as (b), but for heterogeneous systems of equal particle numbers, where the DL
broke the permutation symmetry. In contrast to the homogeneous systems (b), they remain robustly periodic across N.
It is important to recognize that the polymeric disc size of a DL is unchanged. Scale bar, 500um. f, Breathing radius
for an 8-particle DL system (i.e., N = 7 + 1DL), which reliably beats periodically. The period of 14.2s extracted from

1(t) coincides with the most probable interarrival time in (e, bottom).
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We broke the permutation-symmetry of the original system experimentally by adding a
“designated leader” (DL) particle with an enlarged Pt patch of radius 175um (Figure 6-2¢). Note
that since the nanometre-scale thickness of the Pt layer is negligible compared to that of the
unchanged 10pm-thick polymeric microdisc, the DL design does not alter the particle’s volumetric
geometry. However, the heterogeneity among the catalytic surface areas translates directly to
unequal bubble growth rates between the DL and its neighbours, which in turn drastically affects
their collective dynamics in accordance with our theoretical predictions in Figure 6-2d: We
observe robustly periodic bubble collapses across N in the sharp peaks of the interarrival
distributions in Figure 6-2e, suggesting that DLs are able to sustain the periodicity of particle
beating even at high particle counts. Figure 6-2f depicts the time evolution of the breathing radius
for a system of N=7 + 1DL particles. In contrast to the homogeneous N = 8 system (Figure 6-2c),
the heterogeneous DL system exhibits a stable long-term self-oscillation with a period of 14.2s,

owing to the broken permutation symmetry.

Figures 6-3a(i-vii) and b(i-vii) explain the microscale physics arising from the intentionally broken
symmetry. When a DL particle with an enlarged Pt patch is paired with a non-DL particle, the
heterogeneity in bubble sizes leads to the subsumption of the non-DL particle bubble into the DL
bubble upon contact (Figures 6-3a(ii-v) and b(ii-v)). This coalescence behaviour is distinct from
that of equal-sized bubbles previously shown in Figure 6-1b, where an unstable merged bubble
forms halfway between the particles. Instead, the merged bubble sticks to the former location of
the large parent bubble underneath the DL particle, seen in Figures 6-3a(iii) and (v). This behaviour
falls under the sticking bubble regime in the literature, a phenomenon long observed in
experiments (50, 51) but only recently thoroughly studied and theorized in a catalytic H2O2 bubble
system (52). Importantly, contrary to the more intuitive moving bubble regime where the merged
bubble sits at the centre of mass of its parents (53, 54), the coalescence behaviour transitions into
the sticking regime only as the parent bubbles differ sufficiently in size (52), or, in other words,
with sufficient particle heterogeneity. As shown in the rest of Figures 6-3a and b, the two particles
in the system undergo several rounds of small-scale bubble coalescence, eventually causing the
DL bubble to collapse. We find that the bubble’s rupture radius is approximately 1.7 times larger
than that for a homogeneous system shown in Figure 6-1f, stabilized by the particle sitting directly
on top. This contributes to an even lower-frequency chemomechanical oscillation (Figures 6-2f

and 6-3f) than that previously observed in homogeneous systems (Figure 6-1i and 6-2c¢).
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Figures 6-3c and d contrasts the breathing radius phase portraits between homogeneous and
heterogeneous systems of different N. We observe that the homogeneous systems experience a
decay of periodicity evidenced by the gradual collapse of limit cycle orbits in its phase portraits as
a function of N, consistent with trends in Figure 6-2b. In contrast, the heterogeneous systems’ limit
cycles are robust to variations in N, retaining their closed-loop phase-space orbits. To rigorously
quantify the effect that DLs have on collective periodicity, we analysed the recurrence structure of
the dynamical trajectories across system sizes (see Methods) (55). As sketched in Figure 6-3e,
recurrence analyses capture the dynamical properties of system behaviours by measuring the time
the system takes to return to a given state’s neighbourhood. The set of all such time intervals is
compiled into a recurrence histogram (Figure 6-3f) whose recurrence entropy can be used to
quantify the complexity of dynamical trajectories (56), with perfect periodicity corresponding to
zero entropy. The linear entropy increase for homogeneous systems as a function of N (Figure 6-
3g) corresponds to the increasing disorder in the system’s recurrences that is consistent with the
progressive loss of periodicity observed in Figures 6-2¢ and 6-3c¢. Also in accordance with earlier
qualitative trends in Figures 6-2f and 6-3d, the recurrence entropy of the DL system is locally
invariant to changes in N, thereby providing quantitative evidence of the robustness of the periodic
beating induced via symmetry-breaking. While we find that the system’s invariance to particle

number holds up to N = 11, we leave the study of larger particle systems for future work.
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Figure 6-3: Designated leaders induce periodic limit cycles. a,b, Features of DL beating explained with schematic

(a) and micrograph sequence (b) of a 2-particle heterogeneous system. The leader particle is able to grow a large

bubble promptly and subsume the smaller bubbles of neighbouring particles across several rounds of bubble

coalescence. Scale bars, Imm. c,d, Phase portraits of homogeneous (c) and heterogeneous (d) systems of N=2, 3, 6,

and 8. Only the latter is able to maintain the closed-loop orbits at high particle counts. e, Schematic of recurrence time

calculation. The recurrence time is the time it takes to return from a given system configuration to the neighborhood

of said configuration (see Methods). f, Recurrence histogram compiling all of the recurrence times observed across

experiments of the 2-particle heterogeneous system (N =1+ 1DL). g, Recurrence entropy as a function of N for both

homogeneous (yellow) and heterogeneous/DL (blue) systems. Low recurrence entropy is a quantitative indicator of

periodic behaviour. The homogeneous system’s recurrence entropy trends upward, suggesting a decay in periodicity,

while the DL system’s entropy remains low in accordance with its observed periodicity even at high N.
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6.5. Self-Oscillating Microgenerators

Through a simple modification to the particle design, we are able to harness the robust
chemomechanical beating to generate an oscillatory electric signal. As illustrated in Figure 6-4a
and b, we fabricated particles with a Pt pattern closely lined up with (though spatially separate
from) an additional metal patch of either Au or Ru (see Methods). With the bimetallic design, the
previously auto-redox catalytic decomposition of H202 on Pt is in part separated into an oxidation

half-reaction on Pt and a reduction half-reaction on Ru (Au) (30, 31, 57):

Pt: H202 — O2 + 2H" + 2¢ (6-2)
Ru (Au): H202 +2H" +2¢” — 2H20 (6-3)
Overall: 2H202 — 2H20 + O2 (6-4)

Consequently, a potential difference is established at the two electrodes that essentially transforms
the particle into an on-board fuel cell. These same principles have been previously used to generate
voltages in nanomotors, where bimetallic rods and nanoparticles are propelled electrokinetically
by the accompanying electric field (58—60). A micrograph of our fabricated prototype is displayed
in Figure 6-4b. Note that the metallic leads extending outwards were added to facilitate electrical
characterization of the devices and are not necessary to their operation. The leads were passivated
and hence do not participate in any electrochemical reactions. The Pt-Ru and Pt-Au fuel cell
devices measured open-circuit voltages of 144.9mV + 2.4 and 21.4mV =+ 3.5, respectively, in a
25.8wt% H202 solution with 0.075M KNO3 added for conductivity (see Methods). These values
are in line with prior mechanistic studies (30, 31) (§6.8). Under the same conditions, the Pt-Ru
fuel cell delivers a short-circuit current density of 1.71mA/cm? + 0.38 and a current of 56.7nA +
12.4. As a benchmark, a significantly larger 1.5 x 6cm thermo-mechano-electrical self-oscillator
reported recently recorded a peak current of ~47nA (61). The dependence of the current density

on H20O2 concentration is summarized in Figure 6-4c.

As before, the system’s collective beating drives the synchronized formation and collapse of
bubbles on each particle. However, unlike previous experiments, here the instantaneous size of the
bubble also modulates the electrical conductance from one electrode to the other (Figure 6-4a, N

= 2 for demonstration). This effect, in conjunction with the fuel cell’s voltage, enables the onboard
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generation of oscillatory currents that are in phase with the mechanical beating. In a Pt-Ru device,
we observe that the ON/OFF ratio between maximal and minimal currents can exceed 106,
corresponding to when the bubble is absent and at its threshold size. Importantly, the same
chemical energy harnessed from the environment is used to simultaneously drive the mechanical
oscillation, generate the electrical voltage, and modulate the electrical conductance.
Multifunctionality of this kind is emblematic of emerging paradigms such as embodied energy

(62), and is crucial to the development of efficient microsystems.

Figures 4d and e exemplify the beating system’s capability to cyclically drive a microrobotic load
with its self-generated oscillatory electrical current. In this proof-of-concept demonstration, we
wired the Ru electrode of a fuel cell particle to a state-of-the-art Pt-Ti electrochemical
microactuator (see Figure 6-4d and Methods), originally invented for a tethered sub-100um walker
(63). In our experimental configuration, charged species from the electrolyte is desorbed from the
Pt surface of the bimorph microactuator as current passes through, causing it to deswell and its
curvature/length to change. Evident in Figure 6-4e, the periodic actuation of the bimorph (red
curve, representative snapshots in Figure 6-4d) is driven by the periodic spikes in the current signal
(blue curve), which in turn is modulated by the chemomechanical beating of two particles. Because
the outer radius of the Pt electrode (Figure 6-4b) exceeds the 125um patch radius of a standard
particle, the system is stabilized by the added heterogeneity, which also explains the observed sub-
0.03Hz beating frequency. In contrast, the control experiments in Figure 6-4e show the actuator
idling in the absence of a second particle and hence any mechanical beating. By harnessing the
emergent power generation of an ensemble of microparticles, we have demonstrated the design
and modular interoperability of key microrobotic components—energy sources and locomotive

elements—based on the physics of self-organization.
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Figure 6-4: Self-organized oscillation powers a microrobotic arm. a, Schematics of the generation of an oscillatory
electrical current from chemomechanical beating. The pair of metals (Pt-Ru or Pt-Au) patterned on a polymer base
constitute the electrodes of a H202 fuel cell, which serves as an on-board voltage source. The periodic bubble growth
and collapse in a beating system separately modulates the electrical resistance between the electrodes, leading to an
oscillatory current. b, Optical micrograph of a typical Pt-Ru fuel cell particle. The entire surface, less the electrode
area, is passivated with a thin layer of insulating SU-8 polymer (shaded). The metallic leads on the left are not
necessary for device operation and are included to facilitate measurement. Scale bar, 100um. ¢, Short-circuit current
density as a function of H202 concentration for a Pt-Ru device. d,e, Cyclic motion of a microrobotic actuator driven
by the oscillatory current. The schematics and micrographs in (d) show the extended and contracted states of the
actuator respectively under the ON and OFF current conditions, as modulated by the bubble size. The current
measurement over time and the actuator length change (e) closely match, confirming that the cyclic actuation is driven

by the oscillatory current, which itself is emergent from the particle beating. Scale bar, 2um.
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6.6. Discussion

Through the discovery of physical mechanisms for asymmetry induced order, we constructed self-
oscillating electrical generators capable of powering on-board microrobotic components from the
interactions of simple microparticles. Our results stand in contrast to more traditional microrobotic
approaches focusing on the design of intricate electromechanical assemblies to produce alternating
electrical currents (14). By relying on our system’s self-organized behaviours, we circumvented
the design of complex contraptions to harvest and transduce chemical energy into periodic
electrical and mechanical work—a crucial step towards fully-autonomous microrobots (62, 64).
The use of on-board electrical currents will enable the integration of sensors and computational
elements to enrich physical microparticle interactions (65), forming the basis for future collectives
wherein the long-envisioned potential of complex inter-particle communications can be
implemented (40). We plan on extending our approach into studying larger collections of
microparticles in search of general principles for the top-down design of active matter systems,
where an understanding of system symmetries and environmental forcing may enhance their task-
capability. Unifying perspectives from their respective fields, our work suggests that future
microrobots and active matter systems may become more robust and task-capable when we design

them to exploit the physics of the environments they inhabit.

6.7. Appendix A: Methods

6.7.1. Fabrication and Liftoff of Microparticles

The fabrication process is summarized in Figure 6-5. SU-8 2010 photoresist was spun on a Si
wafer at 3000rpm for 1 minute. It was baked at 65°C for 1 minute and 95°C for 2 minutes. The
SU-8 discs were defined by exposure with a Karl Suss MA6 Mask Aligner at a dose of 140mJ
(365nm). The wafer was baked post-exposure at 65°C and 95°C respectively for 1 and 2.5 minutes.
The resist was developed in SU-8 developer for 2.5 minutes, soaked in isopropanol, and blow dried.

The wafer was optionally hard baked at 115 to 180°C for 10 minutes to 2 hours.

LOR 3A photoresist was spun onto the sample at 1000rpm for 1 minute. This was optionally
followed by a second spinning step at 2000rpm for 30 seconds to ensure that the coating was

uniform at the periphery. The sample was baked at 180°C for 4 minutes. Shipley S1818 photoresist
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was spun at 2000rpm for 1 minute and subsequently heated at 115°C for 1 minute. The LOR and
Shipley parameters were optimized to ensure a full coverage over the 10pum-thick SU-8 discs. The
sample was aligned and exposed at 140mJ (405nm). It was then developed in AZ 726 MIF for 1.5

minutes. The sample was washed with running DI water and blow dried.

The Pt metal patches were deposited with a Denton e-Beam Evaporator. A typical patch consists

of 5Snm of Cr or Ti adhesion layer and 50nm of Pt. The photoresists were stripped in Remover PG.

The fabricated microparticles were lifted off the wafer substrate in 45°C 1M KOH solution, which
etched away Si (Figure 6-5b). The process typically took 30 to 50 minutes. The microparticles
were collected by a transfer pipette and then washed repeatedly with DI water until the solution’s
pH was neutral. Alternatively, the microparticles were first coated with PMMA A4 (polymethyl
methacrylate) before being lifted off in 90°C 1M KOH solution (Figure 6-5c). The microparticle
array on the PMMA sheet was picked up by a clean piece of wafer. The PMMA was carefully

dissolved away with acetone and the particles were washed by and stored in DI water.

6.7.2. Experimental Characterization of Beating Behaviour

In a typical experiment, ImL of H20:2 solution (10.7% unless otherwise noted, VWR International,
LLC, Radnor, PA) is dispensed gently onto a polystyrene Petri dish (VWR International, LLC,
Radnor, PA). Two methods were used to transfer the micro-oscillators from their vial to the H202
droplet. In the “wet” method, they could be collected with a narrow-tipped transfer pipette along
with a small amount of water, and subsequently transferred onto the droplet. The introduction of a
minor amount of diluent as well as the occasional need to flip over a particle can be avoided with
an alternative “dry” process. First, a particle was wet transferred onto a glass slide with a transfer
pipette. Excess water was carefully wiped off while the particle was not completely dried. A drop
of H202 solution was then added. This step allowed 8 the operator to check the orientation of the
particle on the glass slide prior to its transfer to the droplet. A quartz NMR sample tube was used
to directly pick up the particle dry, a process assisted by surface tension. Note that the other end
of the tube was, of course, capped. Lastly, the dry particle with the correct orientation was gently

placed atop the ImL H20: droplet under the camera.

The beating behaviour was recorded as 30fps videos with a Canon Rebel T6i camera (Canon

U.S.A., Inc., Huntington, NY). The optical system comprised a magnification lens (MVL12X20L),
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a coaxially focusable zoom lens (MVL12X3Z), and an extension tube (MVL12X3Z), all purchased
from Thor-labs, Inc., Newton, NJ. The setup followed that described previously in (66). The
illumination source was a MI-150 Fiber Optic Illuminator from Edmund Optics Inc., Barrington,

NIJ.

6.7.3. Phase and recurrence analyses of particle beating

The recorded videos of the beating systems were processed with the Image Processing Toolbox of
MATLAB (MathWorks, Inc., Natick, MA). The particle centres were identified from each frame
of the videos with the standard imfindcircles function, a circle-finding algorithm based on circular
Hough transform (67). Given a collection of particle trajectories from an experimental trial, the
main observable from which to construct the phase portraits shown in Figure 6-3 was the breathing

radius 7(¢) as defined in Equation (6-2). The phase portraits were then constructed by plotting the

coordinates of v(t) = [f(t),r(t)] after applying a low-pass filter, and the time-derivative of the

breathing radius was estimated via finite differencing.

Equipped with the dynamical observables defined above, the recurrence properties of a system can
be analysed by finding how often and how quickly the system returns to a neighborhood of v(¢).

Hence, for a given experiment comprised of K samples we collect data at times
t, =iAt,Vie{0,---,K —1} with sampling rate Az. While in principle this is all one needs in order
to quantify recurrence statistics (55), an additional step must be taken in order make the calculation

robust. We augmented our V() vectors by “embedding” the time-series according to an integer

parameter m (56). This resulted in a modified set of coordinates, v, (¢,) =[V(¢,), -, v(t,,,,, ), from

which to robustly calculate our recurrence statistics. Finally, to derive the recurrence properties of

a system from an experimental dataset we calculated its recurrence set
Rs = {| L _tj |: || vm(ti)_vm(t_j) ||< 67Visj}’ (6-5)

over all valid indices. Note that m and € are a fixed choice of positive non-zero embedding
dimension and neighborhood size parameters, respectively. With this set now defined, we could
calculate a recurrence histogram from the set Rs using any standard scientific computing package,
as in Figure 6-3. Additionally, we note that the histogram can be normalized into a pseudo-

probability distribution that expresses the likelihood p(7) that a system exhibits a recurrence after
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T seconds. The dominant frequencies plotted in Figures 6-1, 6-3, and 6-6 were computed from the

T of maximum likelihood from the corresponding recurrence analyses.

As we are interested in characterizing the onset of periodicity across collectives of beating particles,
we must construct a measure capable of differentiating the diversity of behaviours we observed.
For this purpose, we made use of the entropy of the recurrence probability distributions. As an
example, consider a system with a single perfectly oscillatory mode. Then, its recurrence
distribution would be a delta function corresponding to its period of oscillation, and thus have zero
entropy. If one were to introduce noise or uncertainty into that single oscillatory mode, then
probability mass would spread around the delta peak and generate non-zero entropy. Likewise, if
the system were to have multi-modal (but deterministic) oscillation, probability mass is now shared

between the peaks of the distribution, leading to non-zero entropy.

As the behaviour of a system becomes increasingly complex, it has been shown that the recurrence
distribution entropy is a useful metric to quantify this shift that has known connections to both
Kolmogorov-Sinai and Renyi entropies (68), as well as the correlation sum in chaos theory (69).
However, in order to compare the recurrence entropies of systems with different maginitude- and
time-scales, we first normalized our data in two ways. First, we applied min-max normalization to
the coordinates of p(7), which allows one to use the same € in the calculation of the recurrence set.
Second, we normalized the elements of Rs according to its maximum (while keeping the number
of histogram bins constant across systems) in order to study the structure of system recurrences

without confounding variables. The result of this process can be seen in Figure 6-3.

Fuel cell fabrication LOR 20B photoresist was spun onto a Schott Borofloat 33 wafer
(UniversityWafer, Inc., Boston, MA) at 3000rpm for 1 minute and baked at 180°C for 4 minutes.
Shipley S1805 photoresist was spun at 3000rpm for 1 minute and baked at 115°C for 1 minute.
The sample was exposed at 82.5mJ (405nm). It was then developed in Microposit MF-319
developer for 65 seconds. The sample was washed with running DI water and blow dried. A
Denton e-Beam Evaporator was used to deposit 10nm of Ti and 50 to 100nm of Pt. The photoresists
were stripped in Remover PG. For the deposition of a second metal, be it Au or Ru, LOR and
Shipley resists were spun, baked, exposed, and developed the same as described above. 10nm of
Ti and 100nm of Au was deposited with an electron beam evaporator. Alternatively, 50nm of Ru

was deposited as the deposition was slow. The photoresists were stripped in Remover PG.
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The SU-8, LOR, and Shipley resists were all purchased from Kayaku Advanced Materials, Inc.,
Westborough, MA, in addition to the SU-8 developer, MF-319 developer, Remover PG, and
PMMA. The AZ 726 MIF was purchased from MicroChemicals GmbH, Ulm, Germany.

Finally, a passivation layer of SU-8 was defined on top of the metal electrodes. For the convenience
of the electrical measurements that followed, the SU-8 were patterned as either Smm-by-5mm or
1 1mm-by-11mm square islands with the active electrode area at the centre exposed. SU-8 2002

was used but the precise thickness was inconsequential.

6.7.4. Fabrication and Characterization of Microactuators

The Pt-Ti bimorph microactuators were fabricated on a Cu sacrificial layer at University of
Pennsylvania’s microfabrication facility according to the procedures previously reported (63). The
actuators were lifted off overnight in a 4mg/mL ammonium sulfate solution, which etched away
the Cu substrate. The actuators were subsequently transferred to a phosphate-buffered saline (PBS)

solution.

In Figure 6-4, the bimorph microactuators were cyclically driven by the oscillatory electrical
current signal generated by the oscillatory beating between a Pt-Ru fuel cell device and a Pt-
decorated beating particle. Each microactuator was picked up by a parylene-coated Pt-Ir
monopolar electrode (PI2003X.XA3, 0.1MQ, Microprobes for Life Science, Gaithersburg, MD)
in PBS. The parylene coating prevented unnecessary current leakage into the electrolyte. The Pt-
Ir electrode connected to the Ru electrode of the fuel cell device via a probe station (Advanced
Research Systems, Macungie, PA) and a W probe (The Micromanipulator Company, Carson City,
NV). The probe station read out the real-time current with a custom MATLAB code. The Pt
electrode of the fuel cell, via a W probe, was connected to a Pt wire partially immersed in the PBS

solution.

A 30% H20:2 solution and a 0.5M KNOs3 solution were mixed at a volumetric ratio of 85:15. The
salt was included to enhance the electrolyte’s electrical conductivity. For the self-oscillation to
take place, 8.5ul of the prepared mixture was dropped atop a fuel cell device on the wafer. A
beating particle was subsequently transferred to the same solution using the transfer method
described earlier. The actuation was recorded with the same optical setup described above mounted

over the probe station.

206



6.7.5. Actuation Analysis of Microactuators

The extent of actuation as a function of time was extracted from the recorded videos described in
the previous section. A standard canny edge detection algorithm with pixel magnitude thresholds
was applied via OpenCV (70). A boundary representing the outline of the actuator was extracted,
which could then be used to define a coordinate system aligned and centred along the long edge
of the actuator over the duration of the video---a crucial step for reducing measurement drift. From
this coordinate system, the length of the actuator was then simply defined according to the nearest
actuator boundary pixels along the vertical axis. Finally, in order to mitigate the effect of
fluctuations and mechanical vibrations, a standard low-pass finite impulse response (FIR)

interpolation scheme was applied to the actuator length signal over time (71).

6.8. Appendix B: Note on Microelectronic Low-Frequency
Oscillators

In this section, we elaborate on the design and fabrication challenges of microelectronic oscillators
with a frequency on the order of a hertz, which we briefly alluded to earlier. Given the relatively
large footprints of integrated capacitors and inductors available, RC- and LC-based oscillators are
hardly compatible with the limited space on micrometre-sized machines (72). For example, the

frequencies of RC oscillators, such as a bi-inverter or a Schmidt Trigger oscillator, are on the order

of the reciprocal of their respective RC constants, i.e. f;- ~O(1/ RC) . Taking the capacitance to

be a generous 40pF for an area of 100umx>100um (73), one would require a massive resistor of
25GQ to achieve an RC time constant of 1s. Assuming a resistivity of 100kQ/um? of polysilicon,
this resistor alone would occupy 2.5x105um?. Alternatively, one may opt to use a frequency
divider to bring the kHz-order frequency of a typical microelectronic relaxation oscillator down to
1Hz. Suppose the starting frequency is 17kHz (74), a cascade of 15 T flip-flops is needed, each of
which is constructed from at least 20 transistors (75). Should 300 transistors be fabricated onto a
100pm>100um microchip, the appropriate transistor node would be 500nm. While well within the
realm of possibility, such technology typically still requires the involvement of a commercial
foundry outside of academic institutions. Similarly, thyristor-based oscillators of frequencies from
20Hz and up have been foundry-fabricated with a feature size of 180nm (72). The integrated circuit

design expertise and capital investment required are the reasons for a high barrier-to-entry. Note
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that the area reserved for onboard energy harvesting and storage units, as well as for miscellaneous

electronics, may further constrain the real estate available to the microelectronic oscillator.

6.9. Appendix C: Note on the Fuel Cell’s Open-Circuit
Voltage

Figure 6-11 shows that the open-circuit voltages of the Pt-Au and Pt-Ru fuel cell devices, Voc,
exhibits a very weak dependence on the peroxide concentration H2O2, unlike the trend of the short-
circuit current densities (Figure 6-4c and Figure 6-11). Here we provide a simple explanation based
on electrochemical kinetics. We consider the following two pairs of forward and reverse reactions

taking place on a single electrode:

H,0,—— 0, +2H" +2¢" .
1 Be, = +0.68V (6-6)
0,+2H" +2¢ ——H,0, ’
2H,0——H,0, +2H" +2¢" .
R,, ¢, =+1.77V (6-7)
H,0,+2H" +2¢° ——2H,0 ’

where ¢:q denotes the standard equilibrium potentials. The Butler—Volmer equation suggests that

only one half-reaction from R1 and Rz each is dominant at the mixed potential @, . , defined as the

potential where the total current equals 0 (76). If we consider the oxidative half-reaction of Ri and
the reductive half-reaction of Rz (choosing the other two half-reactions does not alter the

conclusion), the full Butler-Volmer kinetic expression is given by Ref. (77):

() =nFK[H,0,]" exp[ 2 g] 6-8)

i,(§) = —nFk,[H,0,]™[H" " exp [—%M (6-9)

where ¢ is the applied potential on the absolute scale, i,(¢) and 7,(#) the respective current

densities, n the number of electrons transferred, F' the Faraday constant, & the rate constants, v the
reaction orders, o the transfer coefficients, R the universal gas constant, T the absolute

temperature. We can obtain the mixed potential ¢ . by solving:
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[ (@) +1(@i ) =0 (6-10)

which is equivalent to (@ )/1,(4,. )=1. While the exact form of the solution is of little

relevance to us, the division of the right-hand side of Equation 6-8 by that of Equation 6-9 reveals

the cancellation of the [H202] terms under the typical assumption of equal reaction order. That is,
¢... is independent of the peroxide concentration for a given electrode. Because the open-circuit
voltage between two spatially separated electrodes (such as Pt and Ru) is essentially the difference
in the respective mixed potentials (A, ), Voc naturally sees little dependence on [H20:]. This
allows us to compare our Voc measurements with past mixed potential studies carried out at lower
[H20:]. For example, Wang and colleagues (78) measured a A@_. of 30mV between Pt and Au,

and 140mV between Pt and Ru, both consistent with our results.

6.10. Appendix D: Note on the Energy Expenditure

6.10.1. Energy Conversions of the Mechanical Oscillation

Within each period of the emergent mechanical oscillation, chemical energy stored in the H202
fuel is converted into the particles' kinetic energy upon the collapse of the Oz bubble. The kinetic
energy imparted to two outgoing particles simply take the form of £, = mv’ , where m is the mass
of each particle and v the maximal velocity right following the bubble collapse. With m =2.34 ug
for a 500pm-diameter particle and v =3.2x10* um/s measured from experiments, Eout is estimated

to be 2.40x107"%J per cycle.
The chemical energy consumed per cycle may be computed as:

_ 2PV, ,AH

= 6-11
chem RT ( )

where Vb denotes the bubble volume at threshold, estimated to be 9.81x107pL in a 2-particle
homogeneous system in ImL of 10% H202. We assume an ambient pressure P of latm and
temperature 7 of 25°C, as the excess Laplace pressure within the bubble before collapse is a
negligible 5.0x107>atm. AH , the enthalpy change of the decomposition reaction, is 98.24kJ/mol
at given conditions, equivalent to an energy density of 2.89kJ/g H202 or 0.29kJ/g 10wt% H202
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solution (79). E,,_.. per cycle is computed to be 7.88x107*J. The portion of the chemical energy

hem

converted to the work of expansion is:

W,,=F

atm

Vo +477 R (6-12)

where Ry, is the threshold radius assuming a spherical bubble. The latter term of 7.41x107°J is

the surface energy E_ ;, i.e., the work against the Laplace pressure during bubble growth. To

summarize, therefore, 1.26% of the original chemical energy contributes to a Wpy of 1.00x107J.
0.74% of the work of expansion is stored as the surface energy. Finally, the kinetic energy gained

by the particles account for 0.032%o of surface energy stored in the bubble.

6.10.2. Energy Conversions of the Microgenerators

As the microgenerator converts the chemical energy from H202 decomposition to electrical work,
it is of interest to calculate the proportion of total H2O2 molecules consumed which contributed to
the electrical current (80, 81). Given that each electrochemically redoxed H202 molecule transfers

an electron, ON-state currents of 180.66nA (in the absence of an electrical load) and 15.27nA (with
a load, i.e. the actuator) are respectively attributed to 1.87x10™ and 1.58x10™"" moles of H20>
per second. These correspond to 0.76%0 and 0.063%o of the total peroxide consumption rate

( 2P/ RT-dV, /dt =2.45x10"" mol/s), respectively. The former is in agreement with prior

literature (80), which estimated an electrochemical contribution of 0.5%o.. Since more than 99.9%
of the consumed H202 decompose via the same non-electrochemical pathway as in the beating
particles with no fuel cells aboard, generation of the electrical current has a negligible impact on
the mechanical oscillation if all other conditions are kept the same. Along the same lines, additional

fuel cell particles are not expected to diminish the electrical signals observed.
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6.11. Appendix E: Supplementary Figures
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Figure 6-5. Beating particle fabrication steps. a, An array of SU-8 polymeric microdiscs were defined and patterned
on a Si wafer with standard photolithography, followed by electron-beam physical vapor deposition of Pt on top. b,
The particles were subsequently lifted off in heated KOH solution which etched into the Si substrate. The KOH was
displaced by water in which the lifted off microparticles were stored. ¢, Alternatively, a film of PMMA polymer was
spun over the microparticle array. Together they would delaminate from the substrate in heated KOH solution. The

PMMA was then removed with an acetone rinse. The lifted off particles were transferred to water for storage.
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Figure 6-6. Beating frequencies over time from moving window recurrence analyses. The same histograms as in
Figure 6-1i were generated, but here only for breathing radius data within a moving window of 150 frames (5s).
Frequencies calculated from the most probable recurrence time of each window were plotted as a function of time.
The beating frequencies in all experiments are constant throughout, demonstrating robust periodicity. Furthermore,
curves from experimental replicates overlap. The frequencies from moving window analyses agree with those shown
in Figure 6-1j for all the H,O, concentrations. These concentrations respectively correspond to 6-, 3-, 2-, and 1-fold

volumetric dilution of a 30wt% H,O; solution.

212



- Y

Deformed liquid-air interface Clockwise stirring
i |

1.75 - l l l | l
| \J\Aj \J\ l
0.25 yA LL

M T\l

45 90 135 ’ 180
Time [s]

Breathing Radius r (t) [mm]

—— |/

0.25
0

—

Lateral shaking of H,0, drop Deformed liquid-air interface

Figure 6-7. Robustness of the emergent oscillation to perturbations. In these two experiments, we intentionally
disturbed a system of two identical particles by (i) deforming the liquid-air interface with a pipette (82), (ii) stirring
the H,O, drop, and (iii) shaking the drop back and forth. It is evident in the breathing radius trajectories that the
collective oscillation resumes promptly following the perturbations (shaded region) with its amplitude and periodicity
unchanged, thus demonstrating robustness. Data discontinuities during the perturbations are a result of blurry frames
or particles temporarily exiting the camera field-of-view. The inset micrograph shows the particles approaching the

pipette due to the deformed interface. Scale bar, Imm.
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Figure 6-8. Compiled snapshots, breathing radius trajectories, and phase portraits for heterogeneous/DL
systems of NV =2 to 6. Systems of all sizes exhibited clear periodicity in their beating behaviours with stable limit

cycles. Scale bar, 500um. All experiments were performed in 1mL of 10.7wt% H,O..
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Figure 6-9. Compiled snapshots, breathing radius trajectories, and phase portraits for heterogeneous/DL
systems of V=7 to 11. Systems of all sizes exhibited clear periodicity in their beating behaviours with stable limit

cycles. Scale bar, 500um. All experiments were performed in 1mL of 10.7wt% H,0,.
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Figure 6-10. Open-circuit voltage of a Pt-Ru device as a weak function of H20: concentration. The observation

is explained by the auto-redox nature of the H,O, decomposition reaction (§6.8). Error bar, standard deviation.
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Figure 6-11. Short-circuit current density as a function of H202 concentration for a Pt-Au device. (c¢f. Figure

6-4c¢). Error bar, standard deviation.
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Figure 6-12. Bimorph actuator experimental setup. The microactuator in PBS solution is connected via external
wiring to the beating system in an H202 drop. The mechanical self-oscillation is translated to an oscillatory electrical

current as illustrated in Figure 6-4a, which powers cyclic motion of the actuator (Figure 6-4¢).
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Figure 6-13. Oscillatory mechanical beating drives on-board oscillatory current. (See also Figure 6-4¢). As a
standard 500-pm particle beats with a Pt-Ru fuel cell device (Figure 6-4b, also Methods), the bubbles collapse at
regular intervals as indicated by the spikes in the breathing radius trajectory (r(t), top). Removal of the bubbles restores
the electrochemical reactivity of the fuel cell electrodes, and therefore the current (bottom) peaks precisely as r(t) does.
The current measured in this experiment is an order of magnitude higher than that in Figure 6-4e since the system

characterized here was not connected to an actuator.
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CHAPTER 7

Mechanistic modeling of the emergent microrobotic oscillators

As was §6, this chapter has been adapted from:

Jing Fan Yang®*, Thomas A. Berrueta™®, Allan M. Brooks, Albert Tianxiang Liu, Ge Zhang, David
Gonzalez-Medrano, Sungyun Yang, Volodymyr B. Koman, Pavel Chvykov, Lexy N. LeMar,
Marc Z. Miskin, Todd D. Murphey, and Michael S. Strano. 2022. “Emergent Microrobotic
Oscillators via Asymmetry-Induced Order.”” arXiv: 2205.09814. Nature Communications.

(* Equal contribution)
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7.1. Abstract

In this chapter we describe in detail the mechanistic model of the emergent mechanical oscillation
observed and discussed in §6. Situated at an air-liquid interface, each particle is subject to a global
gravitational force oriented towards the H2O2 drop’s apex, local “Cheerios effect” forces arising
from interfacial distortion in each particle’s immediate neighbourhood, as well as hydrodynamic
interactions. Interestingly, through the attempts to fit the mechanistic model to experimental data,
we identified both a global and a local aspect of the hydrodynamic drag, the latter arising when
particles approach one another and causing the drag to significantly rise. We demonstrated the rate
of H202 decomposition (and hence bubble generation) could be quantitatively described by a
Langmuir-Hinshelwood kinetics. Combining the calculated interfacial profile, the global and local
interactions of the particles, and the bubble generation dynamics, we were able to capture even the
fine details of the experimental oscillation trajectories to high fidelity, beyond simply predicting

the oscillation amplitude and frequency.
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7.2. Calculation of the Interfacial Profile

As the microparticles beat at the curved liquid-air interface of a drop of aqueous H202 solution,
we start by solving the Laplace equation of capillarity (1, 2). We solved the following system of
ordinary differential equations (ODEs) with MATLAB’s ode45 Runge-Kutta solver (MathWorks,
Inc., Natick, MA):

d—p:cos6’
ds
%:sinﬁ
ds
,s=0
ﬁ— g in @ (7-1 to 7-5)
ds 2ﬂ+7/cz——sm ,s>0
yo,
dv 5 .
—=7p°sinf
ds N

p(0)=2(0)=6(0)=V(0)=0

where £ is the curvature at the apex s = 0 and V' is the volume. yc = g(p1 — pa)/y denotes the capillary
constant, where y is the interfacial tension, pi density of the liquid phase, and pa that of air. 9, r, z,
and s are defined in Figure 7-1. For each value of £, a solution to the initial value problem can be
obtained which describes the profile of a Laplacian axisymmetric interface. A unique S can be
identified such that V"= Virop and 0 = 0. at the three-phase contact line. In our experimental system,
the contact angle 6. = 87.4° for the peroxide-polystyrene interface in air. Figure 7-1below presents

the interface profile for a series of Varop values. f is solved to be 17.56m ™! for Virop = ImL.

05 0.1mL 0.4mL 0.7mL—1mL —1.3mL

15}
— o <
io_zs_ _L_ -
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Figure 7-1. Coordinate system of the H>O- drop and the solved interface profiles for a series of drop volumes Virop.
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7.3. Global and Local Interactions

The microparticles are driven outward by the collapse of a shared bubble and come together via a
global and a local restorational force. As the SU-8 polymer is barely denser than the peroxide
solution, the buoyancy from a small gas bubble underneath the disc is able to overcome the
particle’s weight and create a net force upward. As the microparticle is constrained to the liquid-
air interface, it climbs the global drop profile defined by the above solution of the Laplace equation.
One can formulate the energy as the product of the particle’s vertical displacement and its weight
after the subtraction of the Archimedes force. Thus, the lateral component of this global

restorational force is given by:
dz
F, :[m_plAbe(t)]g% (7-6)

where Vu(?) is the instantaneous bubble volume. Only the mass of the particle, m, is considered as
that of the bubble is insignificant. The dimensionless factor Ab is the volume fraction of the gas
bubble lying below the undisturbed interface, as it is the displaced liquid in this region that gives
rise to buoyancy. Note that we only included Av for the generality of Equation 7-6. We use a A of
unity in the simulations hereafter in accordance with experimental observations. Given the drop

profile, the force always points towards the apex.

To quantify the “Cheerios effect”, i.e. the inter-particle capillary attraction as a result of the local
interfacial distortion, we adopt the Nicolson approximation (3) which assumes that (i) the
horizontal force from capillary pressure is insignificant compared to that from buoyancy, and (ii)

the small interfacial distortions may be superposed (4). Prior results show that the Nicolson
approximation is justified for small Bond numbers B =R’/ L, or equivalently if the floating
object’sradius R L, = m , the capillary length. Indeed, the L. of our experimental system
is approximately 2.7mm, far exceeding the spatial scale of the beating physics. The surface height
in the neighbourhood of a floating bubble follows:

h(l)=—BSRK,(I/ L) (7-7)

where [ is the lateral distance from the bubble centre, K» the modified Bessel function of the second

kind of order n, and X the buoyancy-corrected dimensionless weight defined by
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27wyRBY = [m - plAbe(t)] g . Equation 7-7 is a simplified asymptotic result true for / <« Lc. The

lateral capillary force experienced by a bubble of volume V4 at a distance / away is therefore:
F. =[m-pAV;]gB*2K (I L,) (7-8)

Needless to say, the capillary attraction force points towards the centre of the other particle. The
Ki(I/L¢) dependence is in agreement with the results derived from an energy approach (5). Readers

are directed to (6) for the treatment of scenarios with more than 2 particles.

We next consider the hydrodynamic interactions. In the regime of low Reynolds number and low
capillary number such as our system, the drag force for an object at the liquid-air interface is

expressed as:
F, =—-6mu\ R, (t)v(1) (7-9)

where u is the liquid’s dynamic viscosity, Rb the bubble radius, and v the instantaneous velocity.
The drag coefficient A4 is a scaling factor depending on the object’s geometry, its depth of
immersion, the contact angle, surface tension, and the densities of the object and the liquid (6). As
Aa 1s difficult to estimate analytically, we assume it is a constant for simplicity and leave it as one
of the two free parameters we estimate from experiments, a practice consistent with published

models of microparticle motion along a curved interface (2).

An important additional consideration is the significantly increased drag when multiple particles
approach one another, caused by the increased resistance to removing the liquid between them (7).
We note this inter-particle hydrodynamic interaction particularly because of the noticeable
deceleration in our beating system when the edge-to-edge distance between particles were less
than 2R, (see, for example, Figure 7-1g between 68 and 69s). The approach velocity was virtually
0 right before contact, suggesting a drag significantly larger than that given by Equation 7-9.
Indeed, some previous studies predicted two floating microparticles to accelerate towards each
other all the way until they collide if the Stokes’ drag expression was not corrected for inter-particle

interactions (4).

The most numerically convenient means of accounting for said interactions is to adopt the concept
of hydrodynamic mobility (8), as with a number of previous works (6, 9). This correction factor

as a function of the inter-particle spacing, /, is given by:
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G(A) SR R S . (A-1.7
3 4 1000

)72.867

(7-10)

where A = //max(Ruv(?), Rp). G, which is typically multiplied to the terminal velocity, approaches 1
for large separations 4 — oo and 0 for 4 = 2 when the objects contact. Equivalently, we divided the

drag expression in Equation 7-9 with G in our numerical simulations.

The force expressions in Equations 7-6, 7-8, 7-9, and 7-10 allow us to simulate the motion of each

beating particle i with Newton’s second law:

%:%ﬂ(Fy +F,+F,) (7-11)
We followed Ref. (2) in introducing a scaling factor for the effective mass (mefr = Amm) to account
for the added mass of liquid experienced during particle acceleration. The two fitted parameters of
the model, 4m = 11.25 and A4 = 0.35, were kept constant across simulations of different H20:
concentrations. The model outlined above was solved numerically again with MATLAB’s ode45
Runge-Kutta solver. As all three forces are also dependent on the instantaneous bubble volume

(equivalently, the radius), we zoom in to the catalytic surface and study the reaction kinetics as the

final piece of the puzzle.

7.4. Reaction Kinetics for O, Generation

The volume of the O2 bubble as a function of time, Vu(%), is dictated by the rate of Oz generation,
which in turn is dependent on the free platinum patch surface area Apt.free, as well as the peroxide
concentration [H20z2]. For a given experiment, we assume that the peroxide is in excess and [H20z2]
is a constant throughout, based on the absence of a shift in the beating frequency (Figure 6-6). A
well-studied catalytic reaction, the decomposition kinetics of H202 on noble metal and oxide

surfaces can be described by the classic Langmuir-Hinshelwood mechanism (10, 11):

4V, _ Ky V)0, ]
dt  1+K,[H,0,]

(7-12)

where £ is a constant encompassing the reaction rate constant, the specific volume of Oz, and the
areal density of the surface sites. The kinetic equation represents that the rate is first order with

respect to the concentration of bound surface sites, which are saturated at increasing peroxide
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concentration modulated by the binding constant Ku. In the single particle scenario, Aptfree
decreases over time as the bubble underneath the particle starts to limit the accessible catalytic
surface area. This leads to a reduced dVv/dt and therefore a self-limiting reaction. Inspection of the
2-particle beating videos, on the other hand, shows a near-linear increase of the bubble volume up
until the moment of merger (Figure 7-2). This observation suggests that the bubbles in the beating
system do not grow beyond the critical /» which marks the onset of catalytic surface blockage,
and that Aptfree = Apt. The resultant time-independent reaction rates at different H2O2 molarities
were fitted to the Langmuir-Hinshelwood kinetics, outputting k= 3.025 x 107'®’m*s 'mol ™' and Ku
= 0.677L/mol (Figure 7-3). This parameterized kinetics was used in our quantitative model to
account for the effects of H2O2 concentration and Pt surface area, described earlier in Figure 6-1j.

All parameters used in the mechanistic model are listed in Table 7-1.
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Figure 7-2. While the bubble growth in a single-particle system eventually saturates due to catalytic surface
blockage, the bubble volumes in 2-particle systems remain linear with time until their collapse. Thus a constant
k may be used in 2-particle emergent oscillations. a, two identical 500um-diameter particles with 250pm-diameter Pt
patches. b, two identical 100pm-diameter particles with 100um-diameter Pt patches.
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Figure 7-3. The time-independent volumetric bubble production rates as a function of the H20:2 concentration
is fitted to a Langmuir-Hinshelwood reaction mechanism. The experimental data were collected from a system of
two identical 500um-diameter particles.
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Table 7-1. Parameters used in the mechanistic model.

Symbol Parameter Conventional Unit

B Curvature at the apex of the drop [m™1]
v Interfacial tension of the liquid-air interface [N/m]
Ye Capillary constant of the liquid drop [m~2]
0 Angle of the liquid-air interface relative to the lateral dimension [rad]
0. Three phase contact angle [rad]
A Dimensionless distance between two floating objects used in hydrodynamic mobility []
Ay Volume fraction of gas bubble lying below the undisturbed interface []
Ag Effective drag scaling factor []
Apn Effective mass scaling factor []

1 Dynamic viscosity of the liquid [N-ssm~2]
p Lateral coordinate relative to the drop’s apex [m]
Pa Density of air kg/m?]
n Density of liquid [kg/m3)
X Buoyancy-corrected dimensionless weight []

Apy Surface area of the Pt patch [m?]
Aptree  Accessible area of the Pt patch [m?]

B Bond number [
F, Lateral component of the local capillary force between floating objects [N]
Fy Lateral component of the drag force [N]
Fy Lateral component of the global buoyancy-corrected gravitational force towards the apex [N]

g Gravitational acceleration [m/s?]
G Hydrodynamic mobility -
[H205]  Concentration of hydrogen peroxide [mol/L]

k Rate constant of peroxide decomposition per unit area [m*-s~1-mol~!]
Ky Surface binding constant of peroxide decomposition [L/mol]
Ky Modified Bessel function of the second kind of order n -

l Lateral coordinate from the centre of a floating object [m]
L. Capillary length [m]
m Mass of a microparticle [kg]

Mgt Effective mass of a microparticle [kg)

R Radius of a floating object [m]
Ry, Instantaneous radius of a bubble [m]

s Coordinate along the liquid-air interface relative to the drop’s apex [m]

t Time [s]

v Lateral component of a microparticle’s velocity [m/s]
|4 Integral volume used in calculating the drop profile [m?]

Vb, Vi Volume of a bubble [m?]
Varop ~ Volume of the drop [m3]
Z Vertical coordinate relative to the drop’s apex [m]
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7.5. Comparison between Mechanistic Model Simulations

and Experiments

We have previously demonstrated the agreement between experimental and simulated frequency-
concentration curves in Figure 6-1j. In addition, the mechanistic simulation captured even the
detailed dynamics of the breathing radius’ time evolution (Figure 7-4b), in addition to the
oscillation’s amplitude and frequency. That is, each phase within the cycle of mutual approach,
contact, bubble merger, and bubble collapse is accounted for (Figure 7-4a), furthermore with the
simulated bubble radius over time matching very well with that extracted from the 2-particle

oscillation video (Figure 7-4c).
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Figure 7-4. Detailed comparison between experimental and simulated beating behaviours of two particles. a,
Mechanistic model simulations and experimental snapshots taken at representative stages of a beating cycle. b, The
simulation and experiments are in excellent agreement, evident from the matching curves of the breathing radius,
previously also shown in Figure 6-1g. We note that the mechanistic model captures fine details of the self-oscillation,
such as the subtle step change in (b) at approximately 69s. The step increase was a result of the merged bubble pushing
the particles outwards slightly, reflected by both the experiment and simulation in (a). ¢, This panel shows the excellent
agreement between the experimental bubble radii and those predicted by the mechanistic model. The former were

measured manually from the raw video data.
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The mechanistic model furthermore was able to capture the dependence of the oscillation
amplitude and frequency on the H202 drop volume (Figure 7-5) as well as the particle size (Figure
7-6). A larger drop of H20z2 solution corresponds to a reduced curvature of the liquid-air interface
the particles reside in, which in turn weakens the global restorational force that resists parting of
the particles. The breathing radius (Figure 7-5a) therefore increases with the H202 volume, which
consequently lengthens the intervals between consecutive bubble collapses (Figure 7-5a). Due to
the periodicity of all these 2-particle systems, the respective interarrival times are equivalent to the
periods of oscillation, or the reciprocal of the oscillation frequencies. The scaling factors A4 and
Am were assumed to be unchanged from the 1mL base case, but the threshold bubble diameter
increases with increasing drop size, as expected. We modeled the threshold diameter with a simple
linear relation of (143.7Varop + 652.8)um, where Varop is in mL. Naturally, a larger threshold bubble
diameter corresponds to a larger amount of surface energy stored, which scales with Ry squared
(§6.10.1). Given that the particle properties remain the same, the impulse resulting from the bubble
collapse was proportionally scaled with the threshold Ry from the ImL base case. The mechanistic
model (solid blue curves) captures both the maximum breathing radius (i.e., the oscillation

amplitude) as well as the interarrival times satisfactorily as a function of the drop volume.

a . . b .
£
i Z 6 ®
2 )
e €
© = 5
2 £4 o
< o
g 1f © e O °
g @ o
) 15
< =27
[}
= © Experiments
Mechanistic Model Simulations
0 : : 0 : :
0 1 2 0 1 2
H,0, Volume [mL] H,0, Volume [mL]

Figure 7-5. Maximum breathing radius and interarrival time of two identical particles as a function of the H20>

volume. Each error bar denotes a standard deviation among the oscillation cycles within an experiment.

The robust 2-particle emergent oscillation among 500um-diameter particles was observed to scale
downwards to at least 100um-diameter particles as well. As expected, smaller particles do not

travel as far when they mechanically beat (Figure 7-6a), as the threshold bubble size is significantly
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reduced which translates to a reduced impulse imparted onto the outgoing particles upon collapse.
Contrary to the trend seen above in Figure 7-5, however, the lower oscillation amplitude is
accompanied by a longer, rather than shorter, period (Figure 7-6b). This is attributed to the
downsized catalytic patch, which causes the O2 generation rate to be scaled down: the Pt patch size
on 100pum particles is 16% that on 500um particles. Of note, the effect is partially offset by the
reduced threshold Ry for smaller particles, which was determined to be 250, 265, and 388um
respectively for 100, 250, and 500um particles. As with the simulations in Figure 7-5, the impulse
upon bubble collapse was scaled proportionally by the threshold radius. Additionally, however,
the impulse was also scaled with the particle mass, m, to a half order. Equivalently, it scales
proportionally with the particle diameter. Without any additional adjustment or data fitting, the
mechanistic model captures the impact of particle diameters rather well on the oscillation

amplitude and frequency, evident from the agreement show in Figure 7-6.
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Figure 7-6. Maximum breathing radius and interarrival time of two identical particles as a function of the
particle size. All particles were fabricated by depositing Snm Cr and 50nm Pt onto 10um-thick SU-8 polymer. The
500pm, 250pm, and 100pm-diameter particles were designed to have Pt patches 250um, 125um, and 100pum in

diameter, respectively. Each error bar denotes a standard deviation among the oscillation cycles within an experiment.
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