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APPLIED SCIENCES AND ENGINEERING

Direct observation of glucose fingerprint using in vivo

Raman spectroscopy

Jeon Woong Kang'#, Yun Sang Park?*, Hojun Chang?, Woochang Lee?, Surya Pratap Singh™t,
Wonjun Choi', Luis H. Galindo', Ramachandra R. Dasari', Sung Hyun Nam?%,

Jongae Park?, Peter T. C. So'*

Noninvasive blood glucose monitoring has been a long-standing dream in diabetes management. The use of
Raman spectroscopy, with its molecular specificity, has been investigated in this regard over the past decade.
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Previous studies reported on glucose sensing based on indirect evidence such as statistical correlation to the reference
glucose concentration. However, these claims fail to demonstrate glucose Raman peaks, which has raised questions
regarding the effectiveness of Raman spectroscopy for glucose sensing. Here, we demonstrate the first direct observation
of glucose Raman peaks from in vivo skin. The signal intensities varied proportional to the reference glucose concentra-
tions in three live swine glucose clamping experiments. Tracking spectral intensity based on linearity enabled accurate
prospective prediction in within-subject and intersubject models. Our direct demonstration of glucose signal may quiet
the long debate about whether glucose Raman spectra can be measured in vivo in transcutaneous glucose sensing.

INTRODUCTION

The importance of monitoring blood glucose cannot be overempha-
sized considering the increasing population of diabetics worldwide
and the associated costs (1-3). However, the painful lancing process
of obtaining blood drops by finger-stick hinders people from actively
monitoring blood glucose levels (4). Several studies report that more
than half of the type 1 diabetic patients do not follow the daily self-
monitoring recommendation (5, 6), although it is highly recommended
to avoid the risk of various complications such as cardiovascular dis-
eases, ketoacidosis, and renal failure. Noninvasive glucose monitor-
ing has been a technology in high demand to provide people in need
with pain-free, convenient, and continuous or as frequent measure-
ments as necessary.

Over the past decades, a variety of technologies have pursued this
long quest. Among many, optical spectroscopic methods have attracted
a fair amount of attention (7-14). While near-infrared (NIR) absorption
spectroscopy has demonstrated some potential, extracting glucose-
specific features in the presence of many confounding signals from
in vivo measurements has been challenging (15-21). NIR absorption
features of glucose in overtone and combination bands are broad
and interfere with the absorption of other chromophores in tissue.
Moreover, other noise factors, such as changes in temperature and
contact pressure, easily dominate weak glucose signals in in vivo
experiments.

Raman spectroscopy has been recognized as a promising method.
Raman spectra have distinctive spectral features specific for target
molecules. Quantitative analysis for diagnostic feasibility has been
reported using various biological samples such as serum, blood, tissue,
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and skin (22-25). For in vivo transdermal Raman spectroscopy, ac-
quired Raman spectra contain information on glucose molecules from
the interstitial fluid (ISF) underneath the epidermis layer of the skin
tissue. High-throughput Raman spectroscopic instruments have been
developed and validated with small-scale clinical trials of human
oral glucose tolerance test (OGTT) or animal glucose clamping test
(12, 26-28). Although these reports have claimed the diagnostic
capability of the Raman system optimized for transcutaneous mea-
surement, the absence of the characteristic Raman peaks and true
prospective prediction has been a contradiction to the original mo-
tivation of using Raman spectroscopy for glucose sensing. Further-
more, glucose-specific peaks in in vivo Raman spectra are very weak,
subdued by strong and time-varying skin autofluorescence and
associated shot noise, which make it difficult to construct good pre-
diction models (29, 30) and may lead to misinterpretation of exper-
imental results depending on the choice of the validation method
(13, 31-33).

A recent publication presented results from a glucose clamping
test on the dog subject using Raman spectroscopy (34). It claimed
that the actual glucose signal was measured by demonstrating the
similarity between the regression b-vector of the partial least squares
(PLS) algorithm and the known Raman spectrum of glucose solution,
but without presenting glucose-specific Raman peaks in the mea-
sured spectra. Considering the possibility of chance correlation in a
small amount of data, without the firm evidence of the glucose-specific
Raman peaks, any claim based on indirect proof could remain
inconclusive and the capability of prospective prediction would be
questioned.

Here, we present experimental data that may end the long
debate of whether real glucose Raman peaks can be measured
in vivo. We present the results of direct observation of glucose-specific
Raman peaks in three swine glucose clamping experiments. The ex-
periments were designed to allow a wide range of glucose con-
centrations and long integration times to obtain Raman spectra. The
clamped levels of the glucose concentration were carefully controlled
by infusing dextrose solution and insulin into the swine subjects.
Throughout the three trials, Raman spectra were measured from the
pig ears with a high optical throughput Raman system using oblique
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angle laser illumination. From the measured spectra, we confirm  those glucose signal intensities and the corresponding glucose concen-
the presence of the glucose signal and linearity between intensities  tration differences during the entire measurement period. Figure 1B
of the glucose Raman peaks and the reference glucose concentra- demonstrates the high linearity of R = 0.95 between the change in
tions. A robust method is introduced to predict glucose concentra-  spectral intensity and the glucose difference (AG) over the entire
tion by taking both glucose Raman peaks and other Raman peaks measurement time in trial 1. The time interval between two tissue
related to skin components into account. The prospective prediction  spectra was kept constant (20 min). To analyze whether the actual
of glucose is investigated in single and multiple subject recordings.  ranges of glucose concentration, not only the difference AG, affect the
Last, our approach is compared with the PLS regression analysis used  linearity, three different glucose ranges were marked in three colors:
in a previous study (34). blue for less than 250 mg/dl, yellow between 250 and 500 mg/dl, and

red for more than 500 mg/dl. The linear relationship in the range

below the actual glucose concentration of 250 mg/dl, which is mean-

RESULTS ingful for most people, was maintained as R = 0.97 (R = 0.96 for the
Direct observation of glucose Raman peaks range between 250 and 500 mg/dl and R = 0.98 for the range over
Raman spectra were acquired from pig ears every 5 min for approx- 500 mg/dl).

imately 7 hours. We modeled the acquired signal as made up of four On the basis of the linearity between the intensity of the glucose

parts: glucose Raman spectrum, tissue (non-glucose) Raman spectrum, ~Raman peak and the glucose concentration difference AG, we per-
time-varying tissue background signal, and time-independent sys-  formed prospective prediction. Figure 1C shows the prospective
tem background signal. Glucose signals vary as glucose levels are  prediction with R = 0.95 and 6.6% of the mean absolute relative
modulated during glucose clamping experiments. Non-glucose Raman  difference (MARD) for trial 1. This high rate of prospective prediction
spectrum mostly originates from solid skin tissue compartments such  is from the high linearity observed in Fig. 1B.
as lipids, proteins, and collagen. When measured from the same tissue
location, non-glucose Raman spectrum stays relatively unchanged. =~ Band-area ratio in intraspectrum and glucose
By subtracting two acquired spectra with two different glucose con-  concentration prediction
centrations, the glucose signal change can be highlighted. In the above analyses, we were able to confirm the existence of
To demonstrate the clear glucose Raman signal from tissue mea-  the glucose signal in the acquired Raman spectra and the linearity
surements, we calculated the subtraction spectrum between two tis-  of the glucose signal to the corresponding glucose concentration
sue spectra with different glucose levels (G; and G,) and further  difference. Subtraction spectrum-based prediction requires two
compared it with the Raman spectrum from a pure glucose solution. measurements at different times for one prediction. Our goal is to
In Fig. 1A, four subtraction spectra with four glucose differences implement the proposed Raman-based glucose sensor as a wearable
(AG = G; — G) are plotted along with the reference Raman spectrum  device in the future. The sensor will repeatedly measure Raman
from the pure glucose solution. These in vivo subtraction spectra  spectra, and glucose levels will be predicted from a series of differ-
and the reference glucose solution spectrum exhibit a high degree of  ence spectra.
similarity in the Pearson correlation coefficient, R = 0.90 in average. To make a prediction based on a single measurement, we examined
One of the characteristic glucose Raman peaks appears at 1125 cm ™, the normalized glucose intensity, calculated as the ratio between the
and its intensity increases as the glucose difference (AG) increases.  glucose Raman peak intensity (band) and the dominant tissue Raman
These observations confirm that the in vivo Raman peaks originate  peak intensity (band) in a single measurement spectrum. For the
from glucose molecules in the tissue. tissue Raman intensity in this study, the strongest Raman band at
While Fig. 1A shows the increasing glucose intensities from four 1450 cm™ in a spectrum was used, corresponding to the skin pro-
subtraction spectra, we also observe a linear relationship between tein and lipid (see Fig. 2A).
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Fig. 1. Glucose Raman spectra from in vivo experiments and linearity between their spectral intensity and the corresponding blood glucose concentration.
(A) Four subtraction spectra with four AG (glucose concentration difference) values. The spectra show the characteristic fingerprint, which is identical with that of aqueous
glucose solution and the increase in peak intensity at 1125 cm™ with the increased changes in glucose concentration. a.u., arbitrary units. (B) Linear relationship between
the change in the Raman peak’s intensity and the corresponding change in glucose concentration over the entire recording time (R = 0.95). The differential peak intensity
is obtained by subtracting the time-moving subject-specific spectrum, lagging 20 min behind spectra to be subtracted. Three different colored dots represent three
ranges of actual glucose concentration ranges: blue for lower than 250 mg/dl, yellow between 250 and 500 mg/dl, and red for 500 mg/dl and higher. The linear relation-
ship is maintained as R=0.97, 0.96, and 0.98, in the range lower than 250 mg/dl, between 250 and 500 mg/dl, and 500 mg/dl and higher, respectively. (C) Prospective
prediction by simple linear regression based on the peak intensity change. The blue line shows the calibration result, and the red line shows the prediction result (R =0.95
and MARD =6.6% in prediction).
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Fig. 2. The linearity between the band area ratio and glucose concentration. (A) Averaged spectra during each of the four clamping periods. The average glucose

concentration for each clamping period is shown in the legend. The black arrows indicate the glucose Raman peak at 1125 cm™" and the protein/lipid peak at 1450 cm™".

1

(B) Glucose concentration versus the band area ratio corresponding to the black arrows in (A). The solid line displays the result of linear fitting (R = 0.94). (C) Prospective

prediction using the band area ratio in (B) (R=0.94, MARD = 13.4%).

Figure 2B demonstrates the linearity between the ratio of the two
bands and the corresponding glucose concentration, R = 0.94. In ad-
dition, the band area ratio was analyzed for prospective prediction.
In Fig. 2C, the band area ratios from approximately the first three
quarters of the data were used to train a simple linear regression model,
and the trained model was tested for the last untouched quarter of
the data in a prospective manner. The prospective prediction based
on the band area ratio resulted in R = 0.94 for trial 1. Extending the
band area method to four selected peaks with multiple linear regres-
sion (MLR), three glucose Raman peaks at 911, 1060, and 1125 cm™!
and the skin component peak at 1450 cm™" (see fig. S1 for details)
produced the result of R = 0.96 for trial 1.

To check the feasibility of universal calibration using the direct
glucose signal, we performed fourfold cross-validation (CV) in
single-subject recordings (intrasubject CV) and leave-one-subject-out
CV in multiple-subject recordings (intersubject CV; see Materials and
Methods for details.). For each of the CV schemes, the suggested four
band area ratios with MLR and full-range spectra with PLS regression,
which has been commonly used in glucose concentration prediction,
were compared. Table 1 summarized the comparison results from
the intrasubject CV and intersubject CV for all the three trials.

Both the suggested band area method and the conventional full-
range spectrum method show a high prediction rate in the intrasubject
CV (R=0.85 and 0.94 in average in all the three trials, respectively).
For the intersubject CV or universal calibration, the band area
approach produce a higher prediction rate (R =0.91) than the conven-
tional approach (R = 0.62), indicating that the direct glucose signal-
based prediction can be more robust than the statistical prediction.
In particular, the improved trend tracking capability was observed for
trial 3: The tracking capability was improved from R=0.17in PLS
regression with full-range spectra to R=0.88 in MLR with four band
area features, as shown in Fig. 3 (A and B).

A close examination on the data in trial 3 suggests that there might
be a couple of events of disturbance during the measurement. In
Fig. 3C, despite no linear correlation for the whole data, we can still
observe linearity for partial recordings. From the observation, it is rea-
sonable to assume that external perturbations, probably the move-
ment of the subject, caused abrupt changes in the background and
Raman collection efficiency. These changes can be corrected better
with the four selected band area features. This effect is well displayed
in Fig. 3D with the improved linearity of R = 0.73. Considering that
statistical learning approaches, such as PLS regression, can produce

Kang et al., Sci. Adv. 2020; 6 : eaay5206 24 January 2020

Table 1. Results from fourfold cross-validation in single-subject
recordings (intrasubject CV) and from leave-one-subject-out
cross-validation with multiple-subject recordings (intersubject CV).
MLR with four band area features and PLS regression with full-range
spectra were used. CEG, consensus error grid.

Band-area feature Full-range spectrum

R CEGA+B(%) R CEGA+B(%)
A. Intrasubject CV

097 854 098

093 1000 095

065 830 087 .

085 89.4 094 926

095 512 087 585

090 841 083 0o

088 830 017 277
Average 091 728 062 P

desirable outputs when similar patterns accumulate, training with
full-range spectra from trials 1 and 2 may not well explain the broken
linearity in full-range spectra from trial 3 in the PLS regression-based
full-range spectrum method.

System characterization

Multiple Raman instruments have been developed and tested for
blood glucose monitoring in vivo. A free-space Raman spectroscopy
system in reflection geometry collected the signal from human fore-
arm using a paraboloidal mirror combined with /1.8 spectrograph
and a tall detector (12). However, its in-line geometry admitted un-
wanted Rayleigh light reflected from the tissue surface. The free-space
tissue interface was also prone to the subject movement. A transmission
Raman instrument with a nonimaging optical element has been used to
harvest most Raman photons emerging from the tissue (26). A com-
pound hyperbolic concentrator at the tissue interface effectively collected
Raman photons from large solid angle. In contrast, transmission
measurements from the thenar fold require a contact interface, which
pinches the tissue and changes its properties during the long-term
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Fig. 3. Prediction in intersubject recordings. A model is trained with recordings of trials 1 and 2 and is used for prediction in trial 3 recordings. (A) Prediction using PLS
regression with full-range background-subtracted spectra (R=0.17). (B) Prediction using MLR with four band area features. Three are extracted from the glucose-specific
bands, and the last one is from a skin component peak (R =0.82). (C) Linearity between the Raman peak intensity and glucose concentration for trial 3 is observed only in
each of the three time-continuous parts of the recordings (separated by color, R =0.74 on average), but not for the entire recording (R =—-0.02) with the spectra subtrac-
tion method. (D) The linearity improves with the same recordings as in (C) when the ratio of the two band area features is used (R=0.73).

measurement. More recently, optical fiber probe-based Raman in-
strument was used (35). Along with a custom-designed tissue inter-
face, it was able to reliably measure the Raman signal from the same
tissue spot under the room light. However, the focused radiance of
laser from one excitation fiber limits the sampling volume, and a small
tip of the Raman probe presses the skin over hours of measurement,
which might prevent glucose-containing ISF from circulating across
the sampling volume. It is common to observe a pressure mark on
soft samples after using this type of probe.

To overcome these limitations from previous instruments and
directly obtain glucose Raman peaks, an off-axis Raman instrument
was developed to maximize the effective sampling volume while main-
taining noncontact stable long-term measurements. To investigate
the benefits of this approach, we simulated how much volume is sam-
pled for the Raman scattered light and what the fraction of total laser
illumination contributed to Raman collection from a certain depth
of the skin tissue. Figure 4 shows radiance distribution over the sam-
pling volume collected by two different types of Raman probes.
Radiance distribution is overlaid on the hematoxylin and eosin-
stained histology images of the pig ear tissue. Both configura-
tions show radiance distribution over 1 mm depth from the surface
of skin.

The effective sampling volume under oblique angle laser illumi-
nation is shown in Fig. 4A. It gives better-spread laser radiance over

Kang et al., Sci. Adv. 2020; 6 : eaay5206 24 January 2020

the dermis layer, where ISF containing glucose molecules is consid-
ered to be distributed. The closer a sampled voxel is to the fiber bundle,
the more chance it may contribute to the Raman signal. Figure 4B
shows a more focused distribution of radiance over the target, rep-
resenting the result of a conventional endoscope-type Raman probe
contacted to skin (35). It shows more focused distribution of radiance
over the smaller sampling volume as expected. Figure 4C presents
the ratio of voxels at a given depth to all voxels illuminated over a
certain threshold of radiance. At the dermis layer close to the fiber
bundle, more voxels contribute to Raman scattering under the oblique
angle illumination than the normal illumination through a fiber.
From this perspective, the oblique angle incidence of laser can be a
more effective strategy than the normal incidence to extract glucose
Raman signal.

Limit of detection

To verify our analyses with the optical system, we examined the es-
timation of the limit of detection (LoD) of our system by the follow-
ing two approaches. The first was based on linear regression.
If the instrument response y is linearly related to concentration x as
y =a+ bx, LoD is defined as 3SD,/b, where SD, is the standard
deviation of y residuals and b is the slope of the linear curve [sensitivity;
(36)]. Figure S2 shows the spectrum intensity versus the corresponding
glucose concentration during the time period when fluorescence
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stayed relatively flat (see Fig. 5C). Using the above LoD definition
with minimal glucose concentrations around 52 mg/dl, the LoD of
our measurements was calculated as ~75 mg/dL

We also investigated the minimal glucose concentration at which
the corresponding spectrum can appear above the noise level. This
approach used the correlation coefficient between the glucose solu-
tion spectrum and subtraction spectra, similar to the method used
in Fig. 1A. Figure S3 shows the correlation coefficient trace during
the time period used in the first analysis. Glucose signal differences
in subtracted spectra were observed to be buried below the noise
level when the corresponding glucose concentration differences were
smaller than 29 mg/dl. At the glucose concentration difference of
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Fig. 4. Off-axis Raman excitation and collection configuration. (A) Radiance
distribution of 830-nm laser in skin model with a configuration of the oblique angle
(off-axis) laser illumination. Scale bar, 500 um. (B) Radiance distribution of 830-nm
laser in the same skin model when a conventional probe (on-axis) is applied (the
same scale bar applied). (C) Fraction of sampling voxels in off-axis and on-axis con-
figuration as a function of depth in the confined region.

78 mg/dl, a distinguishing correlation coefficient from the previous
data started to be observed. Although we could not determine the
exact value due to the limited data points from in vivo experiment,
the minimum detectable concentration was estimated to be between 29
and 78 mg/dL.

DISCUSSION

The main claim of this study is the identification of glucose finger-
print peaks in in vivo transcutaneous Raman measurements. We ex-
pect that the identification of glucose fingerprint peaks in this study
and the observation of their linear changes with the corresponding
glucose levels could resolve the long-standing ambiguity about whether
Raman system can catch glucose signal in transcutaneous glucose sensing.
This was mainly enabled by the illumination collection geometry to
control over the sampling volume using the noncontact off-axis
system. The proposed noncontact off-axis system minimized the in-
stability of the probe by illuminating a relatively large tissue under
custom-designed large collection fiber bundles. The off-axis illumi-
nation and vertical collection geometry spatially filter out the spec-
ular Rayleigh reflection from the skin surface, and this can reduce
the burden of the Rayleigh rejection filter at the probe tip. In addi-
tion, the noncontact measurement is free from potential distortions
of tissue, which is important for stable long-term measurement.

In addition to the identification of glucose fingerprint peaks,
prospective prediction in single-subject recordings and prediction in
intrasubject and intersubject CV approaches were investigated. One
important aspect in the prediction investigation was that the analy-
sis was performed on experiments with complex blood glucose time
profiles. Many previous studies on noninvasive glucose sensing have
claimed their possibility on glucose concentration prediction but based
on relatively simple blood glucose time profiles, such as the one on
the OGTT with a monotonic increase and decrease in glucose con-
centration (37). However, training and testing regression with simple
blood glucose time profiles could misdirect the regression analysis,
yielding overly optimistic predictions without actual glucose sensing.
Statistical learning regression modeling, such as neural network regres-
sion, could produce high prediction rate when it captures, for example,
an erroneous relationship between a certain non-glucose-related
artifact and measurement time that is highly correlated with glucose
concentration profiles, especially in simple ones.
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Fig. 5. Raman spectroscopy system, actual probe setup with a subject, and glucose profile during experiment. (A) Schematic diagram of Raman spectroscopy
system for in vivo animal (swine) skin measurement. FM, f number matcher; LP, longpass filter; LD, laser diode; BP, bandpass filter. (B) Photograph of Raman probe setup
with oblique illumination and vertical collection equipped on top of an anesthetized pig (photo credit: Jeon Woong Kang, MIT). (C) Glucose profile during the glucose
clamping experiment in trial 1. Exponential time decay of fluorescence from the skin in the inset (spectrum wavelength integration; actual data in the yellow dotted line
and its exponential approximation in the gray line). The dotted black line in the inset indicates the time period during which fluorescence stays nearly flat.
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As the acquired signals in our experiments consist of four differ-
ent Raman and background signals (see Results for details), the fol-
lowing sources for signal variation can be considered. The largest
signal variation came from the time decay of autofluorescence in the
in vivo skin tissue. In addition, movement artifacts from the in vivo
subject, even under the anesthetic state, can be another great source.
When the laser-targeted spot on the skin moved, the field of view of
the Raman probe changed and this led to different levels of photo-
bleaching. As the non-glucose tissue Raman spectrum, physiologi-
cal changes in skin tissue during the experiment, such as sweating,
may affect signal variation. Physiological vital signs from the in vivo
subjects, such as body temperature and heart rate, may influence the
signal variation, but there was no significant correlation found in this
study between the intensity of the glucose fingerprint peak at 1125 cm™
(or glucose concentration) and any of the vital signs (see fig. S4). In
particular, to reduce the effect of body temperature on our experi-
ments, such as changing the sampling volume, we used a circulating
water blanket to maintain the subject’s body temperature as stable
as possible.

The use of the intraspectrum band area ratio was intended to
track normalized changes in glucose Raman bands using a strong
band from a skin component in the same spectrum. For example,
when the location of the probe or its distance to skin changes due to
the subject’s movement, it immediately causes a change in the in-
tensity of the measured peaks in general. Such a change may be re-
flected in the entire Raman signal, including glucose Raman peaks
and other skin component Raman peaks. The use of the band area
ratio between the two selected bands may reduce influences of those
measurement artifacts on glucose Raman peaks by the intraspectrum
band normalization (see Fig. 3, C and D). In this sense, the band
area ratio approach can be valid, although the signal origins of glu-
cose fingerprint peaks and protein/lipid peak differ.

To bring the Raman-based blood glucose monitoring technology
to people with diabetes, challenges still remain for further devel-
opments: for example, lowering the maximum glucose concentration
in experiments, reducing the integration time, miniaturizing the sys-
tem, and testing with many human subjects, including people with
diabetes and with different skin colors. Improving the Raman sys-
tem and developing sophisticated prediction algorithms will be our
future work, and the work we presented here will be a solid basis for
further improvements.

MATERIALS AND METHODS

Experimental protocol

The animal experiment protocol was approved by the Massachusetts
Institute of Technology (MIT) Committee on Animal Care (proto-
col no. 0417-033-20). Considering their anatomical and biochemi-
cal similarities with humans, three female Yorkshire pigs (40 to 55 kg)
were selected for the glucose clamping test. The subjects were anes-
thetized under 2% isoflurane supplied via a controlled vaporizer after
sedation with Telazol (5 mg/kg) and xylazine (2 mg/kg) intramus-
cularly and given atropine (0.04 mg/kg). The anesthesia and vital
signal monitoring of the animal were performed by veterinary staffs
of the MIT Division of Comparative Medicine. Two femoral vein
catheters were placed in each leg aseptically for the delivery of intra-
venous fluids, glucose, and repeated bleeds followed by flushing of
heparinized saline (10 U/ml) between blood draws. The body tem-
perature of swine was maintained on heated table and water-circulating
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blankets. We examined vital signs including body temperature (see
fig. S4) and found no significant correlation between body tempera-
ture and glucose levels.

The blood glucose level was modulated within the range from 52
to 914 mg/dl by infusing 30% dextrose and insulin (0.8 U/ml) for a
period of 30 to 60 min at each level. Blood samples (3 ml) were drawn
every 5 min from another catheter and were analyzed using a glucose
analyzer (YSI 2300, YSI Inc., OH, USA). After the measurements,
the ear tissue (~1 cm?) containing the laser beam spot (~1.6 mm?)
was collected for histological analysis. No substantial change in the
irradiated skin regions was observed under the selected power level
for spectrum measurement. In the experiments, the animal was eu-
thanized with pentobarbital (100 mg/kg; intravenous administration
of Fatal-Plus). Clamping level profiles were designed to have maxi-
mum modulation and to avoid monotonic increases or decreases in
the reference glucose concentration as well as similar patterns be-
tween subjects, while considering clinical constraints, such as time
available for the session, and the recommended infusion rate depend-
ing on the subject’s weight.

Instrumentation
A portable Raman spectroscopy instrument was built with an 830-nm
diode laser (PI-EC-830-500-FC, Process Instruments, UT, USA), an
imaging spectrograph (LS785, Princeton Instruments, NJ, USA), and
a charge-coupled device (CCD; PIXIS1024BRX, Princeton Instruments,
NJ, USA). The illumination collection geometry using oblique angle
(off-axis) incidence of laser and noncontact vertical Raman collection
was determined for the increased effective sampling volume of the
targeted layer while reducing the collection of background signals.
A filtered laser beam of 250 mW was focused on the ear skin with
an incidence angle of 60°, forming an elliptical beam of 1 mm x 2 mm.
Light emission from the measurement spot of the skin surface was
collected with a custom-made, round-to-linear optical fiber bundle
consisting of 61 fibers (LEONTI Fiber Optics Inc., VA, USA) to fully
cover the CCD height. The fibers were custom-drawn (200 um core
diameter, Fiberguide Industries) to minimize fiber background sig-
nal. The diameter of the fiber bundle was 2 mm at the probe tip with
a custom filter (Alluxa, CA, USA) attached to reject Rayleigh light.
A mechanical shutter was installed inside of the spectrograph to min-
imize vertical pixel smearing. A full-frame image of the CCD for
285 s was consecutively acquired every 5 min with the help of Light-
field software (Princeton Instruments, NJ, USA).

Spectral data analysis
Because the high-throughput system equipped with the large-area
CCD caused an image curvature of the spectrum, we performed image
curvature correction for conversion from the frame image to spectrum.
Two consecutive spectra, collected 5 min apart, were averaged into
one 10-min-long spectrum, and Savitzky-Golay filtering (38) was ap-
plied to smoothen the spectrum. The analysis in this study was
based on either background-removed spectra in the range of 810 to
1650 cm ™ by polynomial baseline subtraction (39) or band area fea-
tures. Band area features were computed as area integral under a
background-subtracted spectrum in the selected four bands: three
glucose fingerprint bands at 911, 1060, and 1125 cm™" and one band at
1450 cm™! for proteins and lipids of the skin (see fig. S1 for details).
Linear regression analysis was performed to train and test a map-
ping function from spectra or band area features to corresponding
glucose concentrations for calibration and prediction, respectively.
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We used simple linear regression analysis for single spectrum inten-
sities or single band area ratios, MLR analysis for four band area fea-
tures, and PLS regression analysis for full-range background-subtracted
spectra. For hold-out prospective prediction, all the parameters were
calibrated with training samples only. We also used other validation
schemes: fourfold CV in single-subject recordings, called intrasubject
CV in this study, and leave-one-subject-out CV in all the three sub-
jects’ recordings, called intersubject CV. In the fourfold CV, single-
subject recordings were split into approximately equally long and
time-continuous partial recordings. Each of the time-continuous
partial recordings was tested by a linear regression model trained with
the other three time-continuous partial recordings. In the leave-one-
subject-out CV, single-subject recordings were tested by a model
trained with the other two subjects’ recordings. In our CV schemes,
all the recordings were tested once.

To quantify prediction performance with samples for testing, we
calculated the Pearson correlation coefficient R between actual and
predicted glucose concentrations, and the percentage of samples
marked in regions A and B in the consensus error grid. MATLAB
(MathWorks, MA, USA) was used for data analysis.

Simulating sampling volume

The advantages of the selected configuration were investigated with
the ray-tracing simulation over a multilayered skin model (Optic-
Studio 15.5, Zemax, WA, USA). The Henyey-Greenstein phase func-
tion was used to numerically simulate light scattering in the tissue,
with optical coefficients (s, [, & and n) set differently for each layer,
similar to the known human case (40). The number of voxels was
approximately 11,000 and 4200 for oblique angle and normal laser
illumination, respectively. More voxels were eligible for the collec-
tion of the Raman signal under the oblique angle configuration.

SUPPLEMENTARY MATERIALS

Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/6/4/eaay5206/DC1

Fig. S1.Band area feature.

Fig. S2. Estimation of the LoD using a linear regression.

Fig. S3. Analysis of the validity of calibration using the background subtraction method used
in Fig. 1A and the LoD measurement.

Fig. S4. Change in glucose concentration measured by a YSI glucose analyzer and Accu-Chek
finger-prickers (top panels) and vital signs from the subject.

Fig. S5. Linear regression with full-range spectra.

Fig. S6. Raman probe design.

Fig. S7. Glucose signal change corresponding to several AG values in glucose solution.

Fig. S8. Spectra and time course results from the band area features in MLR analysis from all
the three trials.

Fig. S9. Raman intensity changes with different glucose values.
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