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Abstract

Introduction and Objective: Post-marketing drug safety surveillance research has focused on the
product-patient interaction as the primary source of variability in clinical outcomes. However, the
inherent complexity of pharmaceutical manufacturing and distribution, especially of biologic
drugs, also underscores the importance of risks related to variability in manufacturing and supply
chain conditions that could potentially impact clinical outcomes. We propose a data-driven signal
detection method called HMMScan to monitor for manufacturing lot-dependent changes in

adverse event (AE) rates and herein apply it to a biologic drug.

Methods: The HMMScan method chooses the best-fitting candidate from a family of probabilistic
Hidden Markov models to detect temporal correlations in per lot AE rates that could signal
clinically relevant variability in manufacturing and supply chain conditions . Additionally,
HMMScan indicates the particular lots most likely to be related to risky states ofthe
manufacturing or supply chain condition. The HMMScan method was validated on extensive
simulated data and applied to three actual lot sequences ofa major biologic drug by combining lot
metadata from the manufacturer with AE reports from the FDA Adverse Event Reporting System
(FAERS).

Results: Extensive method validation on simulated data indicated that HMMScan is able to
correctly detectthe presence or absence of variable manufacturing and supply chain conditions for
contiguous sequencesof100 lots or more when changes in these conditions have a meaningful
impact on AE rates. Applying the HMMScan method to FAERS data, two of the three actual lot
sequences examined exhibited evidence of potential manufacturing or supply chain related

variability.

Conclusions: HMMScan could be utilized by both manufacturers and regulators to automate lot
variability monitoring and inform targeted root cause analysis. Broad application of HMMScan
would rely ona well-developed data input pipeline. The proposed method is implemented in an

open-source GitHub repository.

Key Points

- The pharmacovigilance community lacks methods for systematically detecting variation
in adverse event (AE) rates due to manufacturing and supply chain factors.

- Our HMMScan method uses probabilistic Hidden Markov models to screen sequences of
per manufacturing lot AE rates, separating patient and manufacturing-related variability
and proposing lot ranges for targeted root cause analysis.

- The method is extensively validated and applied to three actual lot sequences ofa major
biologic, detecting regions of potential manufacturing or supply chain variability in two

of these sequences.
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1 Introduction

Methods for detecting post-marketing safety signals have long been the subject of
active pharmacovigilance academic research, as well as regulatory and industrial
work. These efforts have primarily focused on uncovering novel drug-adverse
event combinations [1-4], and specifically on the product-patient interaction as

the primary source of variability in clinical outcomes.

However, there are also known examples of serious adverse events (AES),
including fatalities of patients, caused by pharmaceutical products with root
causes linked to manufacturing and supply chain sources [5]. The manufacturing
process and related control mechanisms of drugs are specified in detail during the
regulatory assessment and approval, and are mandated during the post-approval
phase. Nevertheless, in 2019 the U.S. Food and Drug Administration (FDA)
stated that monitoring the impact of manufacturing and supply chain variability on

patients remains an open challenge for the pharmacovigilance community [6].

The risk of temporal variability in manufacturing and supply chain conditions,
including raw materials sourcing, with potential impact on clinical outcomes is
particularly relevant to biologic drugs because of the inherent complexity of the
respective processes. Biologics are structurally much more complex than small
molecule drugs. In addition to the increased complexity of a biological
manufacturing process compared to chemical synthesis, the number of critical
quality attributes is higher and their type is also more complex. Previously
designed statistical approaches take as input a time series of monthly AE reports

and aim to identify points in time where either temporary or systematic changes in
3
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the rate of AE reports occur [7,8]. However, these approaches operate on
aggregated monthly AE data and are not designed to specifically identify
sequences of lots with unusually high AE rates. Additionally, in practice multiple
lots may be used in parallel to treat patients, and the overall AE rates capture the

aggregated number of AEs across all lots that are on the market.

Mahaux et al. [9] apply a hierarchical statistical scanning method to simulated
batch genealogy data, which links inputs and outputs of material through a
sequence of manufacturing process steps, to identify steps that are associated with
excess adverse events. The method relies on data that capture relationships
between final product batches that share bulk intermediate product batches.
Whereas their method could be used by manufacturers, particularly for detailed
root cause analysis, it would likely be impractical for use by a regulator that does
not often have access to such granular data consistently across multiple different

products.

This paper aims to augment existing post-marketing surveillance frameworks,
specifically by addressing this challenge. The paper describes a new data-driven
signal detection method, called HMMScan, inspired by the well-known family of
Hidden Markov models (HMMs) [10]. Relying on standard reported clinical
outcomes and manufacturing attributes, it is designed to monitor for
manufacturing and supply chain lot-dependent changes. Specifically, the newly
proposed method relies on the rate of reported AEs per final product lot to flag
potential safety signals that could be related to variability in manufacturing and

supply chain conditions.
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Section 2 details the HMMScan method, as well as the design of the validation
experiments on simulated data, as well as a use case based on industry data. The
results of these experiments and an application to FDA Adverse Event Reporting
System (FAERS) data are presented in Section 3. Section 4 provides a discussion
of the aspects related to the application of the method and its limitations, as well
as outlines directions for future data gathering and analysis, and Section 5

concludes.

2 Methods

2.1 High Level Approach

The goal of the HMMScan method is to provide an alert when the pattern of per
lot AE rates in a time-ordered series of lots suggests that there might exist serial
correlation in consecutive lots. The HMMScan method is applied to a single
product at a time and takes as input a sequence of final product lots with their

respective reported AE rates.

The HMMScan method aims to detect signals that suggest the potential presence
of clinically meaningful variability in manufacturing and supply chain-related
processes. Under the hypothesis that no such variability exists, differences in per
lot AE rates are expected to be driven solely by random variation in aggregate
patient covariates, such as age, race, the average level of polypharmacy, and other
societal factors with no consistent dependence of the sequence of the lots. Thus,
the per lot AE rate should be statistically independent across lots. In contrast, if
temporal variability of the manufacturing and supply chain conditions impacts

patient outcomes, then it is expected that the per lot AE rates will exhibit
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temporal, or serial, correlation between lots manufactured at similar times. These
differences in manufacturing and supply chain between lots encompass both
acceptable variation in measured quality attributes within the approved operating
limits, as well as variation in unmeasured (or undetected) quality attributes that

could impact patient outcomes and safety.

The newly proposed method relies on a probabilistic modeling framework that
can detect serial correlation in a series of lots ordered by packaging date, which is
used as a proxy for the manufacturing timing of the respective lots. However,
more generally, the specific order of lots could be further refined using

information about the source of the intermediate materials for each lot.

One of the main challenges in identifying the manufacturing or supply chain
related impact on the per lot AE rates is the fact that conditions of the
manufacturing or supply chain systems may not be fully observable. This
motivates the use of candidate models that fall into the broad category of HMMs,
each consisting of two major elements. The first element is the number of
underlying hidden (unobserved) states, and the respective transition probabilities
from each state to all other states. The model assumes that each lot is
manufactured and handled under a hidden state that corresponds to a certain state
of the underlying manufacturing or supply chain conditions. The second element
is a state-dependent binomial mixture distribution that captures the probabilistic
pattern of the AEs per lot manufactured under the respective state. The dynamic
transition between hidden states in the HMMs captures the potential variability in
the underlying manufacturing or supply chain conditions. The corresponding

impact of these states on the number of reported AEs per lot is captured through



102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

the respective state-dependent binomial mixture distribution. The ‘best’ model is
selected using Bayesian Information Criterion (BIC) [11], which weighs the
explanatory power of the model with respect to the observed data against the
complexity of the model (number of parameters). If the best model has only one
state, this corresponds to the scenario with no clinically meaningful variability in
the underlying manufacturing and supply chain conditions. Alternatively, if the
best model exhibit multiple states, then there is a signal for potential impact of

changing conditions on patient outcomes.

2.2 Detailed Method Description

2.2.1 Method Inputs

The input data to the HMMScan method are the observed AE counts for each lot
in the sequence of L lots. In particular, denote the per lot AE counts as the random
vector A = (4, 4,, ..., A;). The number of doses per lot, which without loss of
generality is assumed constant, for each lot in the sequence, is denoted by D. For
simplicity of exposition, it is assumed that each dose generates either zero or one
AE. The HMMScan method takes as input a specific realization of the random
vector A denoted by a = (a,,a,, ...,a,). This vector is then normalized by D to
form observed AE rates, i.e., the number of AEs per D doses. The method can be
extended to accommodate variation in the number of doses per lot by taking as
input in addition to the vector a a vector of the lot sizes also of length L. In this
case, lots are given weights proportional to their number of doses during the
parameter estimation process to reflect the fact that larger lots have a lower

variance in the estimated AE rate.
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2.2.2 Hidden Markov Models

The modeling assumption is that the distribution of the random vector A (and the
corresponding observed vector a) is governed by a Hidden Markov Model
(HMM) [10]. The respective HMM model captures both the potential
heterogeneity of the patient population receiving the drug, as well as the different
states (conditions) of the respective manufacturing and supply chain processes. In
particular, let ¢ = {1, 2, ..., C} be the set of patient subpopulations that are
exposed to a given sequence of drug lots. Additionally, let S = {1,2,...,5} be the
set of possible states of the underlying manufacturing and supply chain

conditions. For each state s € § and subpopulation ¢ € C, let p,. be the average
probability per dose of incurring an AE. Let w,,. be the likelihood that a lot in
state s is used within a subpopulation ¢ € C. The state of each lot ¢ € {1, 2, ..., L},
which is unobserved (or hidden), is a random variable denoted by H,. The number
of observed AEs for lot £ given that H, = s is captured through a state-dependent

mixture of binomials (MB) distribution. That is, for each integer a € {1, 2, ..., D}:

c
P(Ag — alH{ = S) = Z(WSC . Binomial(a;D: psc))
c=1

The expression Binomial (x;n, p) denotes the probability mass for a binomial
distribution with n trials and p probability of success evaluated at x. For the

remainder of the paper, the state with the lowest (highest) mean AE rate will be
referred to as the “low-risk” (“high-risk™) state. Additionally, the sequence of
the probability of moving from each state to any other state [10]. Specifically, the
transition matrix captures, for each pair of states s, s’ € §, the probability

P(H,,, = s|H, = s"). Finally, note that the transition matrix induces a stationary
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distribution over the states that represents the long-run frequency of each state if

the hidden Markov process were run on an infinitely long lot sequence.

2.2.3 Model Selection

This section describes how the newly proposed HMMScan method selects the
HMM model structure with the best fit to the observed sequence of per lot AE
rates from a set of candidate model structures. The HMMScan model selection
procedure in Fig. 1 takes as input the observed sequence of AE rates, a, and a set
of HMM candidate models. The candidate models are obtained by varying the
assumed number of states and subpopulations (i.e., the size of S and C) over a grid

and C

max’

of potential values from 1to S

max

respectively.

Generally, the range of plausible HMM models in the typical use-cases considered

and C

max

in this paper can be covered by using relatively small values for S,
(i.e., less than 10). The reason is that, typically, the number of clinically
meaningful relevant subpopulations is relatively small, and the manufacturing
conditions can typically be aggregated into high-level states that capture the
respective risk level for quality variation. Additionally, complex HMM structures
with many hidden states and mixture components tend to overfit. Each candidate

model corresponds to a hypothesis regarding the number of hidden states and

patient subpopulations that best describes the observed AE rate sequence.

The HMMScan model selection procedure applies two sequential steps. The first
step involves Parameter Estimation to calibrate the parameters of each candidate
model. In the second step, BIC Model Fit Evaluation is used to determine which
candidate models provide the best fit to the sequence of observed per lot AE rates.

9
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During the Parameter Estimation step, maximum likelihood estimates for the
respective HMM parameters are obtained via the Expectation Maximization (EM)
algorithm [12]. The EM algorithm takes as input an HMM with initial parameter
values and returns locally optimal parameter estimates. The HMMScan method
searches for globally optimal parameter estimates by running EM with multiple
random initializations. For HMMs with S = 1, the EM algorithm uses closed form
equations to iteratively optimize the binomial mixture weights and probabilities
until convergence [10]. For HMMs with S > 1, the Baum-Welch algorithm, a
variation of EM, optimizes both the transition probabilities and the state-specific
distribution parameters [13] The HMMScan implementation referenced in this
paper relies on the implementations of EM and Baum-Welch in the pomegranate
Python package [14]. Further details regarding parameter initialization can be

found in Section S1 of Online Resource 1.

The second step of the HMMScan model selection procedure, BIC Model Fit
Evaluation, compares the fitted candidate models using Bayesian Information
Criteria (BIC) and selects the model with the minimum BIC value. The BIC
captures a tradeoff between the explanatory power of the model with respect to
the data, and the complexity of the model in terms of the number of parameters

[11].

The form of the BIC is motivated by the notion that finding the best-fitting HMM
structure for the observed data is equivalent to maximizing the likelihood of the
data given the HMM hyperparameters S and C, P (a|S, C), over all possible

combinations of S and C. The BIC approximates this likelihood, which is not

10
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observable, using the maximum likelihood parameter estimates. The
approximation consists of two terms, a negative term that depends on the
likelihood of the model evaluated at the maximum likelihood parameter values,
and a positive complexity term that penalizes the number of estimated parameters
(i.e., hidden states and mixture components) in the model. Therefore, a lower BIC
value indicates increased plausibility of the model after accounting for model

complexity.

Pairwise differences in BIC values can also be translated into a more interpretable
metric, the relative odds that one model fits the observed data better than the
other. In [11], Raftery calculates that, for models fit on long input data sequences,
a BIC difference of 10 or more indicates a greater than 99% probability that the

model with the lower BIC value provides a stronger fit to the observed data.

2.2.4 Method Output

The HMMScan method outputs the best-fitting model according to the BIC, and
this model can be used to detect whether there is statistical evidence in favor of
serial correlation in the AE rates in the input lot sequence. If an HMM with S > 1
provides the best fit to the observed AE rates according to the BIC, then the
HMMScan method signals that there is evidence in favor of serial correlation in
AE rates for the input lot sequence. This is considered as a positive HMMScan
signal for a serial correlation. On the other hand, if S = 1 provides the best fit, this

is considered a negative HMMScan signal, i.e., no evidence of serial correlation.

In addition to indicating the potential presence of clinically relevant variation in

manufacturing and supply chain conditions, the best-fitting HMM is used to

11
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identify the most likely sequence of hidden states associated with the input lot
sequence. The mostly likely state sequence is calculated using the well-known and
efficient Viterbi algorithm [10], which returns the path of hidden states that
maximizes the joint likelihood of the hidden state sequence and the observed AE
rates given the estimated maximum likelihood parameter values. These predicted
hidden states can provide important temporal information as to what lots have
been produced under high-risk states, and this could be used to inform subsequent

root cause analysis, as discussed in Section 4.

2.3 Validation on Simulated Data

This section describes a validation and performance assessment of the HMMScan
method through simulated data that capture different conditions and data input
attributes. The selected conditions for the accuracy assessment are motivated by
practical scenarios for true dynamics of manufacturing and supply chain
conditions. The specific instances for each respective scenario are captured
through corresponding ground truth HMM models used to generate the simulated
data. Specifically, the scenarios vary in the number of hidden states, the degree of
similarity of the state-dependent mixtures of binomial distributions, and the

structure of the underlying transition matrix of the hidden states.

HMMScan is evaluated for its ability to detect the correct model structure for
sample sequences of varying length generated by each ground truth model. For
each sample sequence, the Model Selection step is applied according to the
description in Section 2.2.3 above. Specifically, the method fits a collection of
candidate HMMs, each corresponding to a hypothesis about the structure of the

ground truth HMM. This collection contains single-state models with up to six

12
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mixture components, two-state models with up to three mixture components, and
three- and four-state models with up to two mixture components. Models with
additional states and components did not provide the best BIC for any of the

simulated sample sequences.

The performance of the HMMScan method is evaluated according to two metrics.
The first metric is detection accuracy, which compares the structure of the lowest
BIC model to the ground truth model. The detection accuracy of HMMScan is
defined for a particular ground truth model structure as the fraction of samples for
which HMMScan correctly detects the model structure. The most important
aspect for this metric is the ability of the method to distinguish between single and

multiple state models.

The second metric is state prediction accuracy, which evaluates the hidden state
predictions. For a given sample sequence, the HMMScan method is deemed to
have correctly detected the model structure if that sample is generated by a
multiple-state (single-state) model and the model with the lowest BIC also has

multiple states (a single state).

The state prediction accuracy for asingle sample sequence is defined as the
balanced accuracy of the per lot hidden state predictions from the model with the
lowest BIC. Balanced accuracy is defined as the equally weighted average of the
hidden state prediction accuracies for each hidden state. This metric is used to
correct for imbalance in the ground truth frequency of the hidden states in a
sample sequence. In instances with a ground truth model with multiple states, and

where the model with the lowest BIC, selected by the HMMScan method, has a
13
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single-state structure, the ground truth state with the lowest mean AE rate (the
low-risk state) will be predicted for all lots in the sequence. The state prediction
accuracy for HMMScan for a particular ground truth model structure is defined as
the mean of the state prediction accuracies across the samples generated by that

model structure.

The primary accuracy assessment is performed using instances with ground truth
HMMs models of one state or two states (low-risk and high-risk). The one-state
ground truth HMMs have two binomial mixture components. The transition
matrices associated with the two-state ground truth models are defined by three
input parameters. The first parameter is the number of hidden states. The second
parameter is the stationary probability of the low-risk state. Finally, the third
parameter is the average number of consecutive lots in the high-risk state, often
called the mean high-risk sojourn length. The different combinations of these

inputs can be mapped to the following five practical motivating scenarios:

1. No High-Risk Sojourns. Sequences are generated by single-state HMMs,
reflecting a process where per lot AE rates are not affected by
manufacturing and supply chain variation.

2. Short and Frequent High-Risk Sojourns. The lots oscillate rapidly
between the low-risk state and the high-risk state, simulating
manufacturing and supply chain processes that lacks proper control.

3. Short and Infrequent High-Risk Sojourns. The process primarily
operates in the low-risk state and occasionally moves into a high-risk state
for a short period of time. The low sojourn time of the high-risk state

indicates that the initially unobserved, or hidden, manufacturing or supply

14
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chain issues driving the differences in AE risk are resolved promptly, but
the recurrence of the high-risk state indicates that the root cause is not
fully resolved or a different issue has occurred.

4. Long and Frequent High-Risk Sojourns. The process experiences many
hidden issues that take an extended period of time to detect and resolve.

5. Long and Infrequent High-Risk Sojourns. The process experiences few

hidden issues that take an extended period of time to detect and resolve.

Within each scenario, both the length of the input sample sequence and the
similarity between the mixture components (one-state models) or state-dependent
distributions (two-state models) are varied. The similarity between two
distributions is controlled by setting the binomial parameters to induce a particular
value of the overlapping coefficient (OVL) [15,16]. The OVL, which ranges
between 0 and 1, measures the probability mass that is intersected by two
probability mass functions. The length of the sample sequences is varied between
50 to 500. This range covers the sequences lengths observed in the use case data
described in Section 3.2.1 (114-460 lots). Table 1 lists the specific parameter

values used to define the ground truth models and sequences lengths.

2.4 Use Case Application and Validation

The HMMScan method is also applied to real field data for three sequences of
lots, each consisting of a different dose form of the same drug. The three dose
forms each have different manufacturing and supply chain attributes and different
mean levels of AEs. The lots for each dose form were considered as a temporal

sequence based on the packaging date.

15
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The manufacturer shared the sequence of valid lot numbers, sizes, and packaging
dates for three lot sequences of interest. The reported AE counts per lot were
obtained from the U.S. FDA Adverse Event Reporting System (FAERS) database
[17], which aggregates spontaneous AE reports from manufacturers, patients, and
health care providers primarily based in the United States. Each AE report
consists of one or more reactions for a single patient incident. The manufacturer
data were matched to the AE information from FAERS using the lot numbers
provided in both sources. Due to data privacy constraints, the manufacturer was
not able to share patient covariates or additional distribution and manufacturing

information related to the lots.

For each dose form, the HMMScan method returns the fitted HMM with the best
BIC score. The structure of this HMM is denoted as (Sg;c, Cgc), 1€., Spc States
and Cg,. mixture components. A similar validation approach to Section 2.3 is then
applied to the field data and the fited HMMs to gauge the likelihood that
HMMScan method has accurately identified the correct model structures.
Specifically, the goal is to estimate the probability than an HMM with structure
(Sgic» Cgic) would have been chosen if the observed lot sequence were generated

by an HMM with a different structure.

To obtain this estimate, 100 sample sequences with the same length as the
observed sequence are generated from each fitted candidate HMM not selected by
the BIC. Consider a sample sequence generated by a specific such candidate

HMM (not selected by the BIC) with structure denoted by (SS c

ampling ’ ~sampling ) '

A sample sequence is considered misidentified if an HMM with structure

(Sgic, Cric) has the best BIC of all candidate models fit to that sequence. The
16
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fraction of misidentified sample sequences gives an estimate of the probability of
misidentifying a sequence generated by a (Ssamp”ng, Csamp”ng) HMM as a
sequence from a (Sg;c,Cpc) HMM. Similarly, the single-state false negative rate
is defined as the probability that a single-state HMM has the best BIC score when
all candidate models are fit to a sample generated by the (Sg;c,Cpic) HMM,
where Sz, > 1. The single-state false negative rate provides additional insight
about how distinct the fitted (Sg,.,Cy;c) model is from candidate fitted HMMs
with S = 1 structures. Additional false negative rates are described in Section S2
of Online Resource 1, estimating the probability that a sample from the

(Sgic) Cgic) HMM is incorrectly identified as the wrong multiple-state model or a

model with the wrong number of mixture components.

Finally, as a separate sensitivity analysis, the HMMScan method is applied to the
sequence of AE counts and lot sizes and the results are compared to primary

results using normalized observed AE rates.

3 Results

All analysis was conducted in R and Python, and the code is available as a GitHub
repository [18]. This repository includes a tutorial for generating results for a new
use case, as well as instructions for reproducing the use case and simulation
results presented in this paper. The relevant data are also stored in a public
repository [19]. This analysis was performed during the period between 2018 and

2023.
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3.1 Validation on Simulated Data

The results of the single-state model simulations, provided in Section S3.1 of
Online Resource 1, show HMMScan detection accuracies above 0.97 for all
sequence lengths and all degrees of mixture component overlap. The two-state
simulation results are presented in Fig. 2. The results indicate that the HMMScan
method has detection accuracy greater than 0.90 for sequence lengths 100 lots or
longer, where both the low-risk and high-risk states are well separated (i.e.,
overlapping coefficient equal to 0.05), and have similar long-term frequencies
(i.e., low-risk stationary probability is between 0.5 and 0.75, high-risk sojourn

length is between 4 and 25).

For models with more imbalanced long-term frequencies of the states (i.e., a high
low-risk stationary probability of 0.75 or 0.90) and either very short or very long
high-risk sojourn lengths (i.e., 2 and 25, respectively), input sequences of 150 lots
or more are required to meet this detection threshold. Moreover, when the states
are not as well-separated (overlapping coefficient of 0.25 or greater), input
sequences of 200 lots or more are required. In scenarios in which the high-risk
state is much less frequent (low-state stationary probability equal to 0.90), then
detection accuracy of over 0.90 is achieved only if the state-dependent AE
distributions are well-separated (specifically, an overlapping coefficient of 0.25 or
lower) and the high-risk sojourns are of moderate length (average length between

2 and 10), even for input sequences of 300 lots or longer.

For short input sequences, the highest detection accuracy is achieved in scenarios
with equal prevalence of well-separated (overlapping coefficient equal to 0.05)

high and low risk states and either medium length sojourns in the high-risk state
18
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(high-risk sojourn length equal 10), or rapidly oscillating states (high-risk mean
sojourn length equal 1.25). In contrast, very low detection accuracy (less than
0.10) is observed for all input sequences lengths when the high risk state is
infrequent (high risk mean sojourn length of 1.25 and low-risk stationary
probability between 0.75 and 0.90), regardless of the degree of state overlap. This
is somewhat expected since when the average high-risk sojourn lasts less than two
lots, detection of multiple states is extremely difficult unless the frequency of the
high and low risk states is nearly identical. Note that a generating model with two
states and equal transition probabilities is indistinguishable from a single state
model, accounting for the low accuracy in the first plot of the second row, which

IS again expected.

Detailed state prediction accuracy results can be found in Sections S3.2 — S3.5 of
Online Resource 1 for multiple-state simulations, including instances with three-
and four-state models and multiple mixture components. These results are
qualitatively the same as the two-state results described above. As expected, if
two of the three states are very similar in a three-state generating model, it is
difficult for the HMMScan method to distinguish between the similar states.
Crucially, this does not impact HMMScan’s ability to detect that these samples

were drawn from a multiple-state model.

3.2 Use Case Application and Validation

3.2.1 Data

Table 2 summarizes the inclusion and exclusion criteria with respect to the AEs

reported from FAERS for the three dose forms of the respective biologic. First,
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AE reports with a missing lot number in FAERS are excluded from the analysis,
as are reports with an invalid lot number that does not appear in the
manufacturer’s records. AEs related solely to drug administration reactions (e.g.,
“wrong dose administered”) or unrelated reactions (e.g., “dog bite”) that are
highly unlikely to reflect product quality issues are also excluded. A full list of

excluded reactions can be found in Section S4 of Online Resource 1.

The primary analysis further limits the set of relevant AEs to those with at least
one reaction that is either known to be associated with the drug or that involves a
serious reaction. These restrictions reflect a desire to minimize the number of
included AEs that are not directly related to the product without omitting very
serious AES. A list of known reactions is obtained from the drug’s package label.
Chest pains, pneumonia, fungal infections, malignancies, and relapse of
prescribed indications are examples of known reaction categories included in the
analysis. This list is augmented with the following serious reactions: loss of

consciousness, arrythmia, hospitalization, and death.

A secondary robustness analysis is conducted using only AEs from expedited
reports. This class of AEs contains event reports deemed both serious and
unexpected by the manufacturers, and therefore manufacturers are required by
regulation to report these events to the FDA. The expedited reports capture events

that are most likely to be concerning to manufacturers and regulators.

After restricting the set of eligible AEs, the raw AE counts and the number of
doses per lot are used to create per lot AE rates based on a normalized lot size of

D = 100,000 doses. The choice of the normalization factor is due to data privacy
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considerations with respect to the exact lot sizes. The final preprocessing step
removes 17 lots (1.9%) with outlier AE rates from the dataset!. When the outlier
lots are removed from a lot sequence, the lots on either side of the outliers are
treated as consecutive, a method known as “gluing” [20]. Prior research indicates
that applying the gluing procedure with less than 8% of lots designated as missing
does not affect the likelihood or magnitude of HMM parameter estimates [20].
Retaining outlier lots and capping their AE rates at the 75" percentile plus 1.5
times the IQR was also tested as an alternative outlier preprocessing step with no
meaningful changes in the results. The structures of the best-fitting HMM models
and the sequences of predicted hidden states were not materially affected by the
choice of outlier preprocessing method (see Section S5 of Online Resource 1 for
full results using capping). Table 3 shows the distribution of the AE rates per lot

for each modeled dose form.

3.2.2 Model Selection Results

For each dose form, the grid of candidate model structures is constructed by

setting S

max

=4and C,,,, = 9. The BIC values only degraded outside the
chosen hyperparameter ranges, indicating that the complexity penalty is
outweighing the likelihood gains, and likely overfitting models. Each of the
candidate models is fit with 50 random initializations and the results
corresponding to the parameter estimates with the highest likelihood are retained.

The BIC values for the fitted candidate models are shown in Fig. 3.

L An outlier is defined as an AE rate greater than the 75t percentile plus 1.5 times the interquartile
range (IQR) [28].
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Dose Forms A and B. Multiple state HMMs have the best fit as measured by BIC
for dose forms A and B (S = 3, C = 2 for dose form A and S = 3,C = 3 for dose
form B). The BIC difference between the best-fitting multiple state model and the
best-fitting single state model is larger than 10 for both dose forms, suggesting
significantly stronger fit for a multiple state model and related serial correlation in
the per lot AE rates [11]. Note for dose form B that the other multiple-state

models (S =3, =2; S=2,C=3; S= 2,C = 4) have similar BIC values to

the best model (with S = 3,C = 3).

Dose Form C. A multiple-state HMM with S = 2 and C = 3 provides the best
BIC for dose form C, but the BIC difference between this model structure and a
single state model with C = 3 is lower than 10, indicating weaker evidence of

serial correlation in the per lot AE rates.

The models were also estimated when the exact lot sizes were considered using
lot size weights in the likelihood function, and the respective results are shown in
Section S6 of Online Resource 1. The number of hidden states in the models with
the lowest BIC values do not change compared to the results presented above

when the inputs to the model are the normalized per lot reported AE rates.

3.2.3 Identifying States with High AE Risk

Fig. 4 and Table 4 illustrate the maximum likelihood estimated parameters for the
HMM with the best BIC value for dose forms A and B. This includes the state
transition matrix, the stationary distribution of the time spent in each state, and the
state-dependent mixture distribution. Due to the relatively weak evidence in favor
of a multiple-state state model for dose form C, the maximum likelihood
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parameters are included in Section S6 of Online Resource 1. In Fig. 4, a clear
separation exists for dose form A between states 3 and 1, corresponding to high
and low average number of reported AEs, respectively. State 2 represents a
medium-risk state. Similarly, there is clear separation between the high-risk state
3 and the low-risk state 1 for dose form B. Section S7 of Online Resource 1

provides the parameter estimates using lot size weights.

3.2.4 AE Risk Transitions

The estimated state-specific mean AE rates in Table 4 demonstrate that the
ordering of the states by AE risk is robust. The estimated transition matrices both
have high probabilities on the diagonal, indicating that the hidden states are all
highly persistent. This suggests that high-risk and low-risk AE states tend to form

long contiguous regions.

In fact, these regions are observable in Fig. 5 for both dose form A and dose form
B. This figure orders the lots by packaging date for both dose forms and colors the
AE rate for each lot by its most likely hidden state. Both dose forms have two
clearly identifiable regions of high-risk lots as well as multiple low-risk regions at
the beginning and end of the sequences (Fig. 5a and Fig. 5b). Furthermore, when
the HMMScan method is performed using AE rates based solely on expedited
reports, the best-fitting HMMs indicate nearly identical high-risk regions (Fig. 5d
and Fig. 5e). These regions are essentially contiguous despite the presence of
occasional lots with low AE rates in the high-risk regions. Analysis of multiple
AE definitions (known and serious, expedited) is used to establish consistency of
the state transition points. Transitions to and from the high risk state near lots 20

and 200 for dose form A, lots 25 and 140 for dose form B appear for both
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definitions, signaling that these points should be prioritized for root cause

investigation.

Similar persistent high-risk regions are visible for dose form Cin Fig. 5c.
However, the results on the expedited AE reports indicate that a single-state
model has the best BIC score, further suggesting only weak evidence in favor of

multiple states in the ground truth model for this lot sequence.

The most likely hidden state sequences generated by the models fit using lot size
weights are available in Section S6 of Online Resource 1. The results differ only

minimally compared to the Fig. 5.

3.2.5 Use Case Validation

Fig. 6 shows the estimated misidentification probability for each candidate model
structure for each of the three lot sequences in the use case. Across all three lot
sequences, the sample sequences generated by single-state HMMs are very rarely
identified as having Sy, states and Cg,. mixture components by HMMScan
(misidentification probability < 0.01). For dose form A, the misidentification
probabilities for the two-state generating models are less than 0.10. The two-state
generating model misidentification probabilities for dose form B are less than

0.18.

The estimated single-state false negative rates for dose forms A and B are very
low, 0.0 and 0.02 respectively, and as expected much higher (0.71) for dose form
C. Multiple state and mixture component false negative rates are reported in

Section S2.2 of Online Resource 1.
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4 Discussion

The HMMScan method is proposed as an initial signal detection tool to identify
lot sequences where serial correlation in AE rates suggests the potential presence
of clinically relevant variation in manufacturing and supply chain conditions. The
method can be naturally extended to take variable lot sizes as input, as well as
additional temporal information with respect to intermediate lots used during the
manufacturing process. The method is particularly relevant for biologic drug
manufacturing, where the inherent complexity compared to traditional small
molecule (chemical) drugs is well-known and stems from the fact that these
processes are primarily based on biological processes. In addition, often biologic
drugs require special maintaining special conditions throughout the supply chain

and distribution (e.g., temperature control).

In principle, a primary benefit of HMMScan is the potential to enable
manufacturers and regulators to combine AE and lot-specific information to
identify previously hidden signals and direct investigations in a scalable fashion
across a range of pharmaceutical products. Realizing this benefit relies heavily on
adverse event reporters providing lot numbers as good clinical practice.
Additionally, such broad application of HMMScan would rely on a well-
developed data input pipeline to gather the following information for each lot:
packaging date, relevant AE counts, number of doses, and dose form. This is the
minimum required data input for the method as currently constructed, though in
principle the model could take additional information about the distribution
patterns by lot, including more granular regional distribution information and

patient characteristics. Additional information about the lot-to-lot differences in
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patient populations could be used to adjust the AE counts to account for these
differences. In this case, a positive signal of serial correlation in AE rates would
be even more likely to correspond to variation in manufacturing and supply chain
conditions. However, the use case data available from the manufacturer did not
include these in-depth lot-specific data related to patient characteristics and
manufacturing conditions that would enable potential root causes of the observed
variation. Further collaboration between regulators, manufacturers, and academics
to collect and format these data is the first step toward realizing this opportunity to

augment drug safety monitoring to improve patient outcomes.

One natural question is how the proposed HMMScan compares with more naive
approaches to test for serial correlation. Indeed, simple statistical tests for serial
correlation could indicate the presence or absence of serial correlation in a time
series. However, hidden Markov models are also able to capture more subtle
correlation structures likely to exist that differ across hidden states. Another
advantage of the HMMScan method is that it also indicates which particular lots
are more likely to be related to risky states of the manufacturing or supply chain
condition. This could provide significant help to guiding further investigation of

potential causal factors that drive the risky states.

Another natural question is whether the BIC is the appropriate model selection
criterion to select the best-fitting HMM. Other model selection criteria, including
the Akaike Information Criterion (AIC) and the bootstrap likelihood ratio test,
have been utilized in the literature to select between latent state models like
HMMs. Nylund et al. compare multiple information criteria, including BIC and

AIC, to several likelihood ratio tests in the task of identifying the correct number
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of hidden states in three types of latent variable models [23]. The authors identify
the BIC and the bootstrap likelihood ratio test as the most accurate methods.
However, the bootstrap likelihood ratio test, which takes a pair of models and
provides a statistical signal about the relative fit of the pair, is difficult to apply for
the HMMScan method because of the difficulty in identifying a single model from

a set with the best fit to a particular sequence.

The simulated scenario validation results suggest very natural insights with
respect to the expected accuracy of the HMMScan method. Specifically, they
illustrate that the method’s accuracy improves with longer input lot sequences,
highly distinguishable low and high risk states, and balanced long-term frequency.
High detection accuracy on well-separated states is important for identifying large
differences between high-risk and low-risk states that are likely to correspond to
high-priority investigations. Onthe other hand, the scenarios in which the
method’s accuracy is relatively lower, tend to be those in which the low and high
risk states are less distinguishable, in which case, there is lower priority to detect
them since the clinical impact is lower. The accuracy of the HMMScan method is
also lower under scenarios with shorter input sequence and very long high-risk
sojourn lengths. These results are somewhat unsurprising because in both of these
scenarios there is a significantly lower number of state transitions, and thus,
detecting the existence of multiple (different) states is objectively more

challenging.

Additional multiple-state simulations using instances with three- and four-state
models and multiple mixture components directionally support the insights

described above. As expected, if two of the three states are very similar in a three-
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state generating model, the HMMScan method is frequently unable to distinguish
between the similar states. Most importantly, the HMMScan method exhibits
high accuracy in distinguishing between a single vs. multistate scenarios. This is
particularly important because the method generates a signal in cases where there
seems to be evidence for the existence of low and well-separated high risk state.
The simulation results also indicate that the HMMScan method has high detection
accuracy for input sequence lengths that are similar to the use case data, where
both the low-risk and high-risk states seem quite distinguishable and have

approximately the same long-term frequency.

Applying the method to the use case data shows strong evidence in favor of
multiple state HMMs as the most likely generating models for the dose form A
and B AE rate sequences. The use case validation results provide support for this
interpretation. The estimated use case misidentification probabilities demonstrate
a low risk that the observed dose form A and B sequences were generated by a
single-state stochastic process. Furthermore, the single state false negative rate
estimates indicate that samples from an HMM with S, states and Cy,. mixture
components are very rarely identified as samples from a single state model for

dose forms A and B.

Interesting, in contrast to dose forms A and B, the evidence from the detection
results only weakly favor a multiple state model for dose form C. While the
estimated misidentification probabilities for dose form C single state HMMs are
low, the single-state false negative rate analysis indicates that samples from an
HMM with Sy, states and Cy,. mixture components are frequently mistaken for

samples from single state models. Furthermore, only a single state appears in the
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sequence of most likely states for the dose form C expedited AE sequence.
Overall, this analysis does not strongly support the existence of differentiated
manufacturing and supply chain risk states for dose form C. This type of result
could indicate that the mechanism of delivery may have an impact on reported AE
rates, suggesting that manufacturing issues could be relevant beyond the mere

active pharmaceutical ingredient (API).

Upon receiving a signal from the HMMScan method, a root cause investigator
could start by combining drug distribution data with patient population statistics
to check for significant changes in the patient population for the lots in the
vicinity of hidden state transitions. These are lots for which the HMMScan
method suggests clinically meaningful changes to manufacturing and supply chain
conditions might have occurred. Additionally, the investigator could look for
evidence suggesting process differences in manufacturing facilities across lots,
changes in raw materials suppliers and supply chain protocols, work order and
deviations information, numerical product quality measurements, and other data
available at a sub-lot level granularity to search for potential manufacturing and

supply chain mechanisms for changes in AE rates.

Limitations. One limitation of the HMMScan method is that it only raises a
potential signal of relevant variability but does not provide exact causes. Root
cause analysis utilizing additional, and likely proprietary, features of the
manufacturing lots would be essential to rule out patient-related factors and
confirm a causal relationship between manufacturing and supply chain conditions
and AE rate variation. The method does not account for other potential societal

sources of AE variability unrelated to manufacturing and patient-specific effects,
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such as pandemics, pollution, and changes in awareness of AE reporting
mechanisms. Another limitation is that the method does not provide explicit

probabilistic guarantees about the signal.

It is important to acknowledge that underreporting of AEs to spontaneous
reporting systems has been a well-documented but not well-understood concern,
with some estimates of the underreporting rate over 90% [10]. More recent
research by Alatawi and Hansen continues to find wide disparities in the estimated
underreporting rate across products, though the authors notably do not find any
statistically significant underreporting for biologics [24]. In particular, if the
reporting rate is constant over time or known in terms of relative magnitude over
time, the ability for the HMMScan method to detect serial correlation is
unaffected by the absolute level of this rate. Moreover, while sudden, short-term
changes in the reporting rate could be mistaken as state transitions that affect the
results of the HMMScan method, long-term, moderate trends, either positive or
negative, should not meaningfully affect the ability of the method to detect local

serial correlation.

Future directions. A possible direction for future methodological research is to
increase the complexity of the candidate model structures that HMMScan
considers by allowing the hidden state of lot £ to depend on a prior history of
states before lot £ — 1. Limited dependence on only the most recent hidden state
is useful because it yields the fast and well-understood Baum-Welch algorithm for
maximum likelihood parameter estimation. However, EM-based parameter
estimation algorithms for variable length HMMs, which allow state dependence

on history prior to the most recent state, have been proposed [25]. More recently,
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a Bayesian model for variable length Markov chains was introduced [26], though

this model has not been studied in a hidden Markov setting.

The HMMScan model could be further extended by considering the hidden states
as partially observed, as proposed in [27]. For example, variability in the lot sizes
could indicate changes in the stability of the manufacturing process. More detailed

lot-specific data could also be incorporated into this framework when available.

5 Conclusion

This paper presents HMMScan, a novel pharmacovigilance method for detecting
patterns in AE rates across manufacturing lots using probabilistic modeling
techniques. HMMScan is a method that could be utilized by both manufacturers
and regulators to automate lot variability monitoring and inform targeted root
cause analysis. Specifically, HMMScan provides: (1) a reliable signal when serial
correlation is detected in an observed AE rate sequence, and (2) a model to
identify individual lot subsequences where variation in manufacturing and supply
conditions may have contributed to higher AE rates. HMMScan’s signal detection
capability is validated using both simulated and field data. In a case study of three
lot sequences corresponding to three dose forms of a major biologic, the strong

evidence of serial correlation was detected for two of three dose forms.
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Fig. 1 HMMScan model selection procedure. Alternatively, lot sizes and raw AE counts, both L-

dimensional vectors, can be provided as input data rather than per lot AE rates. In this case, during

Parameter Estimation each lot is assigned aweight proportional to its respective number of doses.

BIC: Bayesian Information Criterion; HMM: Hidden Markov Model

Fig. 2 Method validation simulation results showing detection accuracy for HMMs with two
states and one mixture component. Each point represents the HMMScan detection accuracy
calculated on 100 sample sequences with the same length as denoted on the x-axis. The panels are
organized in columns based on the low-risk state stationary probability and in rows by the mean
high-risk state sojourn length. Each column value represents the expected fraction of lots from the
low-risk state in a sample. Each row value represents the expected number of consecutive high-

risk state lots observed each time the systemmoves to the high-risk state.
HMM: Hidden Markov Model

Fig. 3 BIC values for the candidate HMMs for each dose form. Each tile indicates the BIC value
for a fitted HMM with the number of states denoted on the x-axis and the number of binomial
components per state-specific mixture distribution on the y-axis. Lower BIC values indicate a
better fit of the model to the data, and the candidate HMMs with the best fit are highlighted in dark

red
HMM: Hidden Markov Model; BIC: Bayesian Information Criterion

Fig. 4 Fitted state-specific binomial mixture distributions for the best-fitting HMMs for dose
forms A and B. Each panel shows the distribution for the state-specific distribution associated with
each hidden state.

AE: Adverse Event

Fig. 5 Per lot AE rates. The top row of plots calculates per lot AE rates based onthe known and
serious definition, while the bottomrow includes only expedited AE reports. The lots are shaded
by most likely hidden state according to the HMM with the best BIC.

HMM: Hidden Markov Model; BIC: Bayesian Information Criterion

Fig. 6 Estimated misidentification probabilities for the use case method validation. Each tile
indicates the misidentification probability for a given sampling model with respectto Sg,. and
Cpgjc- For doseform A, Sg,- = 3 and Cy, = 2, for dose form B, S, = 3 and Cg, = 3, and for

doseform C, Sg,= 2 and Cg;c =3
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Table 1 Inputparameters for two-state model validation simulated instances.

Parameter Description Parameter Values

All HMMs
Sequence Length Length of sample sequences {50,100, 150, ..., 500}
One-State, Two-Component HMMs

Overlap between binomial components of the

i . 0.05,0.25,0.50
mixture distribution { }

Overlapping Coefficient

Two-State, One-Component HMMs
Overlapping Coefficient ~ Overlap between state-specific binomial distributions {0.05,0.25,0.50}

Low-Risk State

i . Long-term frequency of lots in low-risk state 0.50,0.75,0.90
Stationary Probability 9 quency ( )

High-Risk State Mean Average number of consecutive high-risk lots in an
Sojourn Length (lots) infinitely long sample
HMM: Hidden Markov Model

{1.25,2,4, 10, 25}

Table 2 Count of adverse event reports by inclusion/exclusion criteria.

Dose Form A Dose FormB Dose FormC Missing Lot  Invalid Lot

(463 lots) (271 lots) (119 lots) Number Number
Raw AEs from FAERS 71,890 13,582 2,789 283,888 8,653
Excluding drug administration AEs 67,402 13,184 2,562
Relevant (known + other serious) AEs 21,628 4,950 884
Expedited AEs 7,798 2,051 437

AEs: Adverse Events; FAERS: FDA Adverse Event Reporting System

Table 3 Adverse Event Rates per Lot

All Lots Outliers Removed
DoseAForm Dose Form Dose Form Dose Form Dose Form Dose Form

Minimum 0 0 0 0 0 0
25" Percentile 27 9 3 27 9 2
50" Percentile 41 18 11 41 18 10
75" Percentile 63 29 19 62 28 18
95" Percentile 85 44 47 84 39 23
Maximum 151 280 248 113 51 30
Mean 45 22 21 44 18 11
Lot Count 463 271 119 459 264 113
LotCount,>0

reported AEs 453 234 93 449 227 87

Table 4 Estimated transition matrix and state-specific mean AE rates for best-fitting HMMs, with

mean AE rate 90% Cls (confidence intervals) estimated via parametric bootstrap [21,22].

Dose Form A Dose Form B
Transition Probabilities Transition Probabilities
(from row state to column state) (from row state to column state)
Hidden To State: To State: To State: Mean AE Rate Stat. To State: To State: To State: Mean AE Rate Stat.
State 1 2 3 (90% Cl)  Prob. 1 2 3 (90% Cl)  Prob.
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