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Abstract

Reinforcement learning (RL) is a type of machine learning designed to optimize se-

quential decision-making. While controlled environments have served as a foundation

for RL research, due to the growth in data volumes and deep learning methods, it is

now increasingly being applied to real-world problems. In our work, we explore and

attempt to overcome challenges that occur when applying RL to solve problems in

healthcare and materials science.

First, we explore how issues in bias and data completeness affect healthcare

applications of RL. To understand how bias has already been considered in this area,

we survey the literature for existing methods of bias mitigation related to healthcare

data and RL. Based on this review, we conduct our own study where RL is used to

learn heparin treatment plans from specific patient populations to demonstrate how

healthcare data can affect RL policies and cause bias. Additionally, because synthetic

samples are often used to improve the utility of incomplete datasets, we evaluate the

impact of data completeness in both panel and longitudinal medical data on the

ability of deep generative models to generate similar synthetic samples to augment

existing medical datasets.

Next, we focus on materials science applications where RL can potentially be

used to automate certain processes. In scanning probe microscopy (SPM), electrical

charges applied near ferroelectric domain walls cause the domain wall structure to

change. In order to apply RL to control domain walls, we develop a dynamics model

trained with SPM images and known physical properties to predict domain wall
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displacements following an electrical pulse. This dynamics model is then integrated

into an environment used to train RL agents that learn how to selectively apply

charges that alter domain walls towards a particular structure.
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Chapter 1

Bias in Reinforcement Learning: A

Review in Healthcare Applications
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A version of this chapter was originally submitted to ACM Computing Surveys

by Benjamin Smith, Dr. Khojandi, and Dr. Vasudevan:

Smith B, Khojandi A, Vasudevan R. (2022) Bias in Reinforcement Learning: A

Review in Healthcare Applications. [Manuscript Submitted for Publication] Bredesen

Center, University of Tennessee.

Abstract

Reinforcement learning (RL) can assist in medical decision-making using patient data

collected in electronic health record (EHR) systems. RL, a type of machine learning,

can use these data to develop treatment policies. However, RL models are typically

trained using imperfect retrospective EHR data. Therefore, if care is not taken

in training, RL policies can propagate existing bias in healthcare. Literature that

considers and addresses the issues of bias and fairness in sequential decision making

are reviewed. The major themes to mitigate bias that emerge relate to (1) data

management; (2) algorithmic design; and (3) clinical understanding of the resulting

policies.
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1.1 Introduction

Reinforcement learning (RL) is a branch of machine learning (ML) focused on sequen-

tial decision-making over time. In RL, an ‘agent’ interacts with an ‘environment,’ and

takes ‘actions’ that can affect the ‘state’ of the environment, and in turn, receives

‘rewards.’ The goal of RL is to learn an action strategy or ‘policy,’ i.e., a mapping of

states to actions, that maximizes the total reward Li (2017). RL has traditionally been

used in robotics and in gameplay, where the agent tries to navigate through or control

actions within a well-defined game environment such as Pong or Space Invaders Levine

et al. (2020); Mnih et al. (2013). Here, the agent attempts to learn the best action

at each time point that leads to winning the game or conversely, maximizing the

reward (total points). While games have served as a foundation for RL research, it is

now increasingly being applied to real-world problems that are focused on sequential

decision-making, given the growth of data volumes that make learning feasible.

Recently, RL has shown great promise in healthcare applications, and in

particular, in medical decision-making. In healthcare, the goal for clinicians is

generally to identify a treatment policy that maximizes the patients’ benefit, e.g., total

expected quality-adjusted lifetime (QALY). In the past, developing such treatment

policies mostly relied on physician intuition and simple rule-based methods developed

through clinical trials Bekker (2015). However, through the big data revolution, in

many cases, researchers now have access to temporal measurements of different patient

metrics over time that can be used to learn treatment policies using data-driven

approaches. This is mostly enabled through the digital records of patient health

information that are collected at the bedside in hospitals, especially in the data-rich

intensive care units (ICUs), and stored in electronic health record (EHR) systems.

The data compiled in these systems are either entered by practitioners or other

personnel, or are directly pulled into the EHRs using other means such as bedside

monitors. The corresponding data track patient health status, the interventions

made by practitioners, and the consequent patient responses to these interventions.
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Together, this information can create useful datasets of retrospective temporal data

to train RL models Landi et al. (2020).

Many RL studies exist that use EHR and other health data on an array of diseases,

including AIDS Parbhoo et al. (2017), sepsis management Riachi et al. (2021); Liu

et al. (2020b), Parkinson’s disease Baucum et al. (2021), implanted cardiac device

follow-up care Khojandi et al. (2018, 2014), and Heparin dosing Baucum et al. (2020).

In these studies, generally, RL agents leverage historical data to devise treatment

policies that can be generalized to new patients. While the RL-prescribed policies

are often not expected to be immediately and directly used in clinical settings, in the

future they can provide new insights for practitioners and augment factors considered

in medical decision-making.

Although using RL in healthcare has the potential to provide new insights and

improve patient outcomes, care should be taken to avoid algorithmic bias. Algorithms

that make decisions differently among patient groups may exhibit algorithmic bias

Akter et al. (2021). Recent research highlights the potential for algorithmic bias in

supervised classification Lin et al. (2019). Some prominent examples include miss-

identifying faces of individuals from a certain race Kärkkäinen and Joo (2019) or

Warfarin dosing classification based on patient ethnicity Syn et al. (2018); Sharabiani

et al. (2015). For ML-based classification problems, instances of algorithmic bias can

often be readily observed due to the non-temporal nature of these problems Pessach

and Shmueli (2022). As a branch of ML, RL problems are not immune to algorithmic

bias, and yet, the issue of bias in RL has received considerably less attention in the

literature. Here, bias is less obvious, but equally concerning as it can impact the

course of treatment for patients. Hence, there is a timely need to investigate bias in

RL and discuss the potential methods to identify and mitigate bias in practice.
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1.2 Background

Here, we discuss the fundamentals of RL and training RL with EHR data. We also

describe applications of RL in healthcare and discuss active challenges.

1.2.1 RL Fundamentals

ML, an artificial intelligence (AI) method, can be implemented to detect patterns

in data. This is largely possible through leveraging different function approximation

methods François-Lavet et al. (2018). Within ML exist different techniques and of

these methods, RL applies to sequential decision making Li (2017).

The main components of the RL system are an agent (or agents) and an environ-

ment. The agent(s) acts in the environment and learns the relationship between states

and actions to maximize some rewards. In healthcare, the state of the environment

can capture patient health state, e.g., blood pressure or the state of all vitals, and the

action is the intervention performed, e.g., the amount and timing of intravenous (IV)

medicine administration. Consequently, the rewards relate to the health outcomes of

the patient, e.g., a successful discharge or normal vital sign measurements.

To understand how an agent learns an environment and maximizes rewards, it is

useful to understand the formal mathematical problem. Markov decision processes

(MDPs) formalize the sequential agent and environmental interactions Otterlo and

Wiering (2012); Sutton and Barto (2018). A fully observable MDP is defined by

a tuple of states, actions, transition function, reward function, and discount factor,

< S,A, P,R, γ >. States, st ∈ S, and actions, at ∈ A, are used to create a transition

probability function from the current state st to next state st+1 and receive reward

r after taking action at. This is given by P (st+1, r|st, at) a conditional probability

for each state and action pair Littman (1994). The agent receives a reward (or

incurs a cost) as a result of taking an action in a given state. The reward function

R(st, at) : S × A 7→ R1 returns the immediate reward for each state and action pair

Yu et al. (2021). By exploring states and actions, the agent attempts to find a policy
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to take an action in each state that maximizes the reward function. Specifically, the

agent seeks to act to maximize the expected sum of discounted rewards where the

discount factor, γ ∈ [0, 1], is used to determine the trade-off between valuing the

immediate reward of taking an action over future expected rewards under the current

policy. Figure 1 shows the overview of the RL framework.

RL models can be applied and solved in different ways. An RL algorithm that can

use its own policy to generate samples is considered ‘on-policy.’ In on-policy learning,

the agent interacts with the environment according to policy, π, that it attempts

to improve. Otherwise, algorithms that learn from actions of previous policies are

considered ‘off-policy’ as they use other policies to develop a new one. Similarly, ‘off-

line’ RL occurs with no additional data collection, and when implemented, it solely

uses historical/retrospective data. ‘Off-line’ RL works with a fixed data set, while

‘on-line’ learning is able to learn from data as they are collected. The distributional

shift between the historical data and the real environment presents a major challenge

in ‘off-line’ RL and oftentimes results in poor estimations of rewards for RL policies.

However, some recent progress has been made Levine et al. (2020).

1.2.2 Electronic Health Records (EHRs)

EHRs digitally store clinical data regarding patient health and can be leveraged

by RL to evaluate past treatments and prescribe future treatment interventions for

new patients Li et al. (2021); Schaefer and Bailey (2005). EHRs generally provide

rich data, collected across different patients with a wide range of characteristics and

comorbidities. In addition, they typically include longitudinal data, which can enable

the prediction of patient health state evolution under various interventions Wu et al.

(2010); Gold et al. (2017).

EHRs usually contain high-dimensional time series data and static patient

information with heterogeneous data types Pollard et al. (2018). These datasets can

describe patient demographic information and known pre-existing conditions across
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patients. Dynamic state info such as vital sign measurements, diagnostic codes,

physician observations, and the potential treatment information is also often recorded

Asan and Montague (2012); Liu et al. (2020a); Rodriguez et al. (2021). While some

collection is automatic and includes objective data (e.g., data collected directly from

heart rate monitors), other information is dependent on medical personnel. Manual

data collection is prone to human factor errors Carayon et al. (2014); Rosenbloom

et al. (2010).

Various EHR datasets are currently publicly available and have been successfully

used in the past to develop RL models. Some of these datasets focus on the data-rich

environments of ICU, e.g., MIMIC Johnson et al. (2016) and the eICU dataset Pollard

et al. (2018). The ICU is a particularly suitable setting for collecting high-frequency

data and training and deploying RL models, due to continuous monitoring of patients

(unless patients are moved for testing or imaging, etc.). In particular, these datasets

have been heavily used in off-line RL research for improving treatment planning; they

allow for examining past treatment actions and patient state information to evaluate

current practices and explore potential improvements.

While EHRs can enable RL modeling, there are often caveats. Often the time

increments for recording patient information is not consistent. Thus, data often

contains many missing values, which makes working with the data more challenging

and may require imputation of missing values Beaulieu-Jones et al. (2017). Also,

certain identifiers of patients are not always included because of ethical or privacy

concerns Pollard et al. (2018). EHRs also are affected by external factors not

demonstrable in the data including logistical constraints for the hospital and physician

availability for any given patient. In this way, external bias is introduced to

EHRs data. There are efforts towards standardization of EHRs that include social

determinants of health, but this is not yet widely available Rea et al. (2012). Due

to these issues, learning treatment policies from EHRs should consider how the data

can differ from those of the actual patient populations, and care must be taken not

to introduce bias into the RL-prescribed treatment policies.
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1.2.3 RL in healthcare

When using RL in healthcare applications, the state of the environment is generally

set up to capture the patient’s health state, provided through EHRs. The most com-

prehensive states provide the best description of the patient and can prevent mistaken

correlations of variables. Actions are then whether or not some treatment is provided

at a certain level at a specific time. Transition probabilities are learned based on

the observed transitions in the data from certain states to another, given the actions.

Given data availability, states and actions can be defined in a very granular manner.

However, if needed, patient states can also be clustered to approximate policies for

patients in similar medical states Vyas et al. (2020). In addition, while discrete

actions are more widely used in practice, continuous actions are more representative

of certain medical treatments Riachi et al. (2021). Lastly, the agent attempts to learn

interventions in each state to maximize rewards to improve the long-term health of a

patient. A reward could be for maintaining some vital measurement within a certain

range or for the patient getting discharged from the ICU to the floor, among others.

In healthcare, generally, the goal is to develop a clinician-in-the-loop framework

where RL acts as a decision support system Liu et al. (2020a). That is, RL is trained

to prescribe actions, given the observed state of the patient in real time. However,

treatment decisions are ultimately left to clinicians at the bedside rather than being

automatically acted upon by the agent Tang et al. (2020). Figure 1.2 provides a

schematic of this approach.

There have been numerous successful studies, adapting different RL techniques for

healthcare applications Liu et al. (2018). This includes developing RL models that

could be implemented in the ICU to improve glucose control of septic patients Weng

et al. (2017); Raghu et al. (2017), and to recommend the dosing of heparin, an antico-

agulant medication Ghassemi et al. (2014); Nemati et al. (2016); Baucum et al. (2020).

Similarly, in the outpatient setting, RL has been paired with wearable sensor data

8



Figure 1.1: An overview of the RL framework. An agent in state st takes action
at. The environment then transitions to state st+1 and receives the reward rt+1. The
process then continues starting from the new state.

Figure 1.2: RL in a healthcare setting. Similar to the traditional RL diagram, a
clinician-in-the-loop RL framework is shown. Clinicians take an action in the form
of treatment or testing that causes the patient’s state to transition. The patient’s
health could then change. Accordingly, the updated state and reward are returned to
clinicians who repeat the process and take the appropriate actions at each time step.
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that track motor functions in response to taking medications to optimize medication

regimen for Parkinson’s disease patients Watts et al. (2020); Baucum et al. (2021).

1.2.4 Challenges

RL can play an important role in creating patient-specific treatment models. However,

learning such data-driven models come with certain unique challenges. In creating

a treatment policy, an RL agent needs sufficient data to describe patient states to

learn patient-specific transitions. But healthcare data are often retrospective and

clearly, running live experiments where the RL agent directly interacts with patients

to collect more data is not ethically possible. Therefore, RL treatment models are

typically trained in an off-line setting using existing EHRs.

As discussed in Section 1.2.2, the data used to train the model might not truly

represent the patient population being treated for said disease. This directly relates

to the ‘domain shift’ problem in off-line RL; a potential patient population shift would

decrease effectiveness of RL treatment policies due to overestimation of performance

Swazinna et al. (2021).

RL also deserves attention because it can make decisions based on more factors

than considerable by a clinician Li et al. (2021); however, this makes some decisions

less understandable with human intuition. Explaining why RL recommends certain

policies is difficult. Therefore, understanding whether the resulting patient-specific

policies are accurate and equitable when put to use is extremely challenging Puiutta

and Veith (2020); Kelly et al. (2019). As of 2018, the EU protects individuals’ rights

to explanation in automated decision-making Goodman and Flaxman (2017). RL

policies should be explainable to people with diverse backgrounds Heuillet et al. (2020)

before they are effectively ready for adoption in practice.

Furthermore, it is often challenging to quantify how a certain patient is doing at

any given point in time. RL transitions sometimes fail to capture a patient’s entire

health trajectory, which is further complicated due to patient covariates that may
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not be tracked in the EHR Tang et al. (2020). In addition, when RL rewards are

based on medical measurements that are taken infrequently, this directly increases

the difficulty in designing appropriate reward functions to guide the agent’s learning.

Because of these challenges, RL treatment policies must be carefully trained with the

involvement of domain experts as to not overstate algorithmic assumptions or impede

the role of physicians.

1.3 Literature Review

In this section, we review the literature to draw insights as to the approaches that

can help manage bias in healthcare.

Current Approaches to Bias Management in Healthcare

The medical field has considered differences in patient responses to treatments for

years, directly or indirectly Alosh et al. (2015). Early statistical studies developed

policies that were optimized for different patient sub-populations to demonstrate these

differences Tanniou et al. (2016). Despite this, current medical practices may exhibit

bias in treatments due to the heterogeneity of patients and their responses Lesko et al.

(2018). The potential for discrimination certainly poses challenges for the adoption

of any new treatment plan in healthcare Panch et al. (2019). Healthcare bias is seen

in unequal asset allocation or directly in treatment plan efficacy between patients

Furukawa et al. (2010).

Currently, there exist disparities in quality of care across patients, particularly

as they relate to characteristics such as gender, race, ethnicity, etc. Riley (2012).

For instance, in Veteran Affairs hospitals, black veterans are less likely to receive

diagnostic testing for cardiovascular issues or undergo bypass procedures than their

white counterparts Whittle et al. (1993). This is just one example of how similar

patients receive different treatments, even when financial costs are irrelevant.
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In addition to differences in quality of care due to overt patient characteristics,

non-clinical influences also affect medical decision-making Hajjaj et al. (2010). For

example, socio-economic status is directly correlated with the likelihood of receiving

the best, and often most expensive, care Bernheim et al. (2008). Hospital equipment

availability, physician time constraints, or the cost of treatment have been shown to

contribute to treatment decisions, adversely impacting poorer patients Li et al. (2020).

This does not mean that physicians are actively discriminating against patients but

that external factors affect how clinical decisions are made Hajjaj et al. (2010). The

impact of these non-clinical influences on treatment actions and patient responses are

further confounded by patient characteristics such as race, gender, or age Bernheim

et al. (2008); Bond et al. (2003).

Classically, medical policies are developed through clinical trials Syn et al. (2018).

In this setting, one way to reduce biased medical treatments is through sub-group

analysis Liu et al. (2020a); Kreif et al. (2012). Sub-groups may be used to develop

different treatment models and also in analysis of treatment policies. Using sub-

groups to develop different treatment plans can improve statistical effectiveness

among patient populations using factors such as patient demographics Cook et al.

(2004). Clinical trials use adaptive treatment strategies for individuals as an advanced

way to differentiate patient groups Murphy (2005). Sequential multiple-assignment

randomized trials incorporate initial patient responses to treatments to further define

sub-groups to create different treatment policies.

Although sub-group analysis has shown the potential to reduce bias in treatment

planning Alosh et al. (2015), such analysis is sometimes considered after the

development process or is complicated due to the interaction between many factors.

Despite statistical observations, sometimes creating separate models for sub-groups is

challenging due to the requisite sensitive demographic information Vyas et al. (2020).

In addition, recent studies identified a lack of biological evidence to create treatment

policies by certain characteristics, such as race, for certain diseases due to the potential

for discrimination Jorde and Wooding (2004). Regardless of if demographic data
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are used to group patients in the development of separate treatment plans, sub-

groups are usually used to compare effectiveness of recommended treatment policies

between patients Tanniou et al. (2016). The trade-off between statistical advantage of

using large patient sub-groups for treatment plans against policies for smaller, more

individualized sub-groups has been considered in clinical trial settings Cook et al.

(2004). However, the definition of sub-groups in medical studies can be expanded

when more data are available.

1.3.1 Data Management in Statistical Learning to Reduce

Bias

As discussed in Section 1.2.3, retrospective data can be leveraged to build advanced

statistical models that can guide treatment planning. However, as expanded in

Sections 1.2.4 and 1.3, bias in current medical practices can affect the recorded EHR

data Vincent (2014). Therefore, it is imperative to account for data issues before

developing models to ensure that bias does not propagate into the resulting treatment

plans Akter et al. (2021); Pessach and Shmueli (2022). In the literature, various data

management techniques have been introduced that can be exploited to address bias in

advanced statistical models. In the remainder, we first highlight how bias in data can

affect treatment plans and consequently, we expand on data management techniques

that can be used to address them.

One potential source for bias in EHRs is from imputation of missing data Jakobsen

et al. (2017). In medical data, some observations are recorded almost constantly

such as from a heart rate monitor. Other features, such as medical testing, are not

available at as frequent time intervals. Consequently, EHRs do not have data points

for every observation at every time Beaulieu-Jones et al. (2017). To use these features

in statistical learning, the missing observations are often filled in, or imputed in the

dataset based on different estimates of missing values Chang et al. (2020). Practical

considerations for how data are missing influence the choice of imputation methods
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and affects the potential introduction of bias Sterne et al. (2009). Note that as an

alternative to imputing data, records in EHR data with missing observations may

be removed. However, this may negatively impact sample size, and in some cases,

has been shown to reduce model performance compared with using imputed data

Jakobsen et al. (2017). Also, removal of incomplete records could favor patients with

comprehensive observations (partly because of their better access to more resources)

Bernheim et al. (2008). EHRs do often contain a high rate of missing data; as such,

the specific methods used to impute individual feature observations should be done

in a way to best represent the missing data to prevent bias.

The more random the distribution and occurrences of missing (feature) obser-

vations, the less likely it is that data imputation can result in a systematic bias

Sterne et al. (2009). Generally, missing data can be categorized as missing at random

(MAR), missing completely at random (MCAR), or missing not at random (MNAR),

each of which should be considered differently for imputation Hu et al. (2017). MAR

and MCAR values can usually be estimated without introducing bias by comparing

different imputation methods and choosing the method that best represents the

missing data Nguyen et al. (2021).

Most imputation methods estimate values based on the assumption that the values

are missing randomly; however, sometimes features are MNAR and are instead caused

by external non-computable factor(s) Jakobsen et al. (2017). Therefore, if care is

not taken, imputing MNAR values can potentially introduce bias. Unfortunately,

these features are hard to identify and require a comprehensive understanding of the

clinical setting where data were recorded. Indeed, there is no current solution to the

bias caused by MNAR values, and hence, increased instances of missing values in

EHRs have the potential to exacerbate the risk of bias in statistical models developed

with imputed data. As such, it is imperative to acknowledge potential limitations

of statistical studies when dealing with missing data, especially of type MNAR, and

discuss best and worse case models when these values are imputed to account for

potential bias Jakobsen et al. (2017).
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Another key data-related factor that can lead to bias in RL models learned from

EHR data is sample representation. Classification models have shown to present bias

when trained on imbalanced datasets (i.e., where samples are unequally represented

in the dataset) Kärkkäinen and Joo (2019). Specifically, if not adjusted for, models

can favor the more represented group Zhu et al. (2020a). As an example, ML models

developed to predict mortality in the ICU have been shown to present differences in

accuracy among ethnic groups when trained on imbalanced data Chen et al. (2018).

Such bias can often be identified by comparing error rates across groups similar to

sub-group analysis.

To alleviate introducing bias to the model due to sample representation issues,

data sampling techniques can be successfully used Kelly et al. (2019). That is,

instead of training the model on imbalanced datasets, balanced sub-datasets are

curated through oversampling and/or undersampling techniques. For instance, recent

studies consider the number of samples from each group and the impact of a skewed

population for face classification Kärkkäinen and Joo (2019). This work shows that

when resampling data to contain equal samples from each race, the trained model

was more accurate in classifying race, gender and age from images. Resampling

has been used outside of facial recognition, notably in healthcare, and its use has

improved detection accuracy of medical events using EHR data Zhao et al. (2018). For

instance, oversampling instances of rare medication administration errors in medical

datasets for the purpose of detection and classification of such events has shown model

performance improvements.

Resampling healthcare data can be done in two general ways. Minority oversam-

pling is performed by defining some sub-group, then using the existing distributions

of variables in that sub-group to either choose more of these samples in training or to

generate synthetic data for this group Chawla et al. (2002). Oversampling can increase

the representation of less commonly seen patients or health states, and force treatment

models to put higher ‘value’ on their corresponding rewards during policy training.

Majority undersampling is the opposite of this process; where some observations from
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a majority group are ignored to balance the data between groups Sánchez-Hernández

et al. (2019). A combination of these oversampling and undersampling techniques

can be used as needed to create balanced datasets for RL.

Performing over- and undersampling is not difficult; what is challenging is to

identify sub-groups to resample, especially with high-dimensional feature subsets

Hooker (2021). This is complicated because the stratifying features are not always

even included in EHRs Pollard et al. (2018). Hence, properly defining the sub-groups

to balance the data can be quite challenging.

Defining the sub-groups can be further complicated because the data required

for treatment planning is generally temporal. Mechanistically, there exists sampling

methods to combat high-dimensional imbalanced time-series data that could be used

for EHR data Zhu et al. (2020a). This method generates samples that preserve

the correlation between features within minority classes which are established via

high-dimensional density ratio-based shared nearest neighbors clustering. While this

method has been established using time series data, it was proposed as a classification

problem and its adoption in RL practices and healthcare still needs to be explored.

Future data management techniques may go beyond simple classification of sub-

groups to represent patient populations by expanding sub-group definitions to more

than just ethnic, age, or gender Akter et al. (2021). Systematic racism and sexism

are major societal issues and are key components to understanding discrimination

in medicine. However, these descriptors are not the complete definitions of sub-

groups or minorities in this environment. Rather, sub-groups can be defined by

multiple variables to represent a patient’s state in high-dimensional latent space from

EHR data Wong et al. (2018). Meaning that clinical feature observations can also

differentiate populations beyond basic characteristics Murphy (2005). However, there

is always a balance between defining more granular sub-groups and data availability.

This is because training a model on too small of a sub-group increases the potential

risk of model overfitting, not allowing the learned model to properly generalize to

future patients that be assigned to the sub-group Masino et al. (2019). As the volume
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of data available in EHRs increases, statistical uncertainty and the need for resampling

or imputation decreases. Hence, EHRs can potentially allow for the establishment of

more comprehensive sub-group definitions with sufficient observations to reduce bias

in treatment planning Akter et al. (2021).

1.3.2 Algorithm Design to Reduce Bias

While data management methods aim to mitigate bias prior to learning a statistical

model, there exist alternative and/or complementary techniques Hooker (2021) to

reduce bias in treatment planning Parikh et al. (2019). Statistical learning model

designs can be instrumental where other techniques may fail to address bias towards

certain patients Hooker (2021). Unlike with ML classification tasks where differences

in sub-group accuracies can be easily shown, it is oftentimes difficult to represent bias

in the decision-making of temporal RL policies Kelly et al. (2019). In the following,

we describe ML learning methods that can be applicable in RL as well as specific

RL techniques that can be potentially leveraged to mitigate bias when training a

treatment planning model.

In ML, algorithms generally attempt to minimize the average error or improve

prediction accuracy, which converges to the minimum error for the majority popula-

tion Roth (2020). Cost-sensitive methods apply a higher penalty to errors incurred in

minority groups and are common in ML studies for imbalanced classification Kukar

et al. (1998); Brownlee (2020). Most related to temporal RL problems, these methods

have been implemented in time-series classification Geng and Luo (2018).

Cost-sensitivity has also been used when training RL policies. For example, Ge

et al. (2021) use fairness-constrained policy optimization to ensure equal performance

for dynamic recommendations. Here, the increased cost of mistakes on minority

samples results in RL policies that exhibit parity across groups. Recently, cost-

sensitive learning has been successfully applied to reward design in RL for different

group samples in an imbalanced data set Lin et al. (2019). Specifically, this
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imbalanced classification MDP framework changes the reward function so that

samples from minority groups have larger positive and negative values for rewards

and penalties, respectively, compared with those that are from majority groups.

Therefore, the reward function is optimized in a way that the resulting policy is not

overly influenced by samples from majority groups despite their higher representation.

Note that in general, applying cost-sensitive RL requires some method of

identification of sub-groups, which can be difficult with high-dimensional patient data.

For this reason, cost-sensitivity is usually applied to ensure fairness between easily

identifiable demographic groups. There are, however, successful instances that use

cost-sensitive RL on multiple sub-groups defined using different or multiple features

to ensure that rewards are proportionate to that group’s presence in the training

data Yang et al. (2022a). High dimensional clustering of patient data has been

shown to improve personalized policy performance when sufficient samples exist for

each cluster el Hassouni et al. (2018). The advancement beyond binary classification

in patients greatly increases the potential effectiveness of bias management in cost-

sensitive learning.

Additionally, models can be trained to ensure equal treatment performance, asset

allocation, and outcomes between patient groups to increase fairness in treatment

policies. For instance, Rajkomar et al. (2018) recommends to define protected sub-

groups by basic patient characteristics subject to potential discrimination. Once

patients are grouped, models are trained with respect to different fairness goals

while ensuring that outcomes are consistent among the sub-groups. Similar fairness

constraints in RL models have shown promise in non-healthcare applications. For

instance, Wen et al. (2021) considers approving loan applications and shows that

fairness constraints reduce biased decision-making. Another study Ge et al. (2022)

develops a multi-objective RL framework to balance the trade-off between fairness

and accuracy in RL policies for recommender systems. Such frameworks could be

adapted to the healthcare domain to incorporate equitable rewards for sub-groups as

an objective. Introducing model constraints for fairness requires researchers to group
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patients based on potentially sensitive demographic or medical information. Hence,

the aforementioned methods for identifying sub-groups who may be underrepresented

in the data Yang et al. (2022a); el Hassouni et al. (2018) can pave the way to creating

clinically relevant groups to be protected by fairness requirements.

Given adequate data and the information within them, RL treatment policies can

be learned rather well for patients in the majority; however, these exact policies do

not necessarily generalize well to underrepresented patients as their characteristics

may be different Baucum et al. (2022). Note that learning policies directly from

such underrepresented patients runs the risk of overfitting due to the small sample

size and may not necessarily provide a good alternative Zha et al. (2022). Hence,

different techniques can be used to adapt the learned policies from the majority

to such underrepresented patients. For instance, Baucum et al. (2022) learns a

policy for the majority of patients, and carefully adjusts this policy using variational

inference for underrepresented patients who may respond differently to treatments.

The results show that (noisy) Bayesian policy updates can identify effective policies

for underrepresented patients.

Transfer learning in RL can also be used to adapt policies to underrepresented

patients. Transfer learning is the general practice of incorporating outside information

to accelerate learning, particularly when live testing and data collection are not

possible Zhu et al. (2020b). Transfer learning has been successfully used for bias

management in healthcare applications. For instance, Parbhoo et al. (2020) learns

policies from data-rich European HIV patient information. Then, using clustered

latent representations of patients, policy knowledge is transferred to effectively treat

African HIV patients, from whom fewer data are available.

Some learning techniques alter the RL framework itself to adapt policies to new

environments. Hidden Parameter Markov models (HiP-MDPs) can be used to transfer

policy information to similar domains Yang et al. (2019). HiP-MDPs learn underlying

global parameters using a latent representation of the data to efficiently transfer

policy information to new data during testing Yao et al. (2018). Meta-RL is another
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technique designed to leverage prior experiences to quickly adapt to similar tasks.

It is currently used to improve autonomous vehicle driving for different drivers and

traffic environments Zhang et al. (2021). Hence, such RL frameworks that effectively

use limited data could be further explored in treatment planning for underrepresented

groups in large EHRs.

Reward shaping is another technique that incorporates domain knowledge into

rewards to assist learning in RL Hu et al. (2020). Specifically, reward shaping allows

for guiding how an optimal policy is learned by introducing short-term rewards to

the reward function rather than solely relying on long-term rewards Grzes (2017).

In this way, insights from clinicians can influence RL by providing feedback when

observed rewards in EHRs may be sparse, such as when dealing with infrequent test

results. Although the existing literature has not specifically exploited reward shaping

to manage and mitigate bias, such extension seems an immediate next step. In

this way, primary rewards are still related to long-term patient health, but simple,

short-term rewards can incorporate fairness goals based on domain knowledge from

clinicians Okudo and Yamada (2021); Hébert-Johnson et al. (2017).

Conservative methods for reward estimation can also be used to reduce bias in RL

policies. Limiting the value of estimated rewards in off-line settings has shown promise

in risk-averse RL, particularly in robotics Kumar et al. (2020, 2019). Estimating

rewards with a pessimistic approach, particularly for new state-action pairs, prevents

overestimation of policy effectiveness when applying RL to the real world Li et al.

(2022a). Conservative reward estimates have shown to create safer policies for

robotics simulation environments He and Hou (2020); Cicek et al. (2021). Such an

approach could be extended to healthcare applications to prevent RL models from

overestimating the effect of treatment policies in new patients. Other conservative

off-line learning approaches limit policy actions to those similar in the data to prevent

actions where there are high levels of uncertainty Swazinna et al. (2021). RL methods

that prevent off-line estimation bias can be leveraged in the future to prevent potential

bias due to the domain shift in EHRs and real patients.
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1.3.3 Clinical Implementation of Treatment Planning Mod-

els to Reduce Bias

Explainable and understandable treatment plans can allow clinicians to manage

potential bias especially if it is not previously mitigated using data management

and algorithmic design techniques Yu et al. (2021). Such treatment plans can reduce

perceived and actual uncertainty of bias Ho et al. (2020). Here, we discuss how

various concepts can be leveraged to further explain RL treatment plans and improve

the understanding of potential bias.

As discussed in Section 1.2.4, explaining decision-making in RL policies is a

challenge. Interdisciplinary collaboration between those who develop RL models

and domain experts has been suggested to improve explainability Puiutta and Veith

(2020); Heuillet et al. (2020). Therefore, when creating RL treatment policies,

clinicians should be actively involved to provide insights and to understand how

policies are learned.

Clinical considerations can be incorporated into learning RL policies to improve

model development Hooker (2021). For instance, imposing certain constraints on

the model can ensure that recommended actions meet pre-defined criteria set by

clinicians Lu et al. (2020). This allows for recommendations to be made based on

high-dimensional data, yet clinical criteria still be met in an understandable way.

Hence, clinical criteria that promote equality can be incorporated into the model as

constraints to achieve bias mitigation.

A clinician-in-the-loop framework, which uses patient health states to recommend

treatment options to clinicians, rather than implementing the actions directly, can

be further used to discourage bias Tang et al. (2020). This framework is useful for

multiple reasons. Primarily, there are ethical concerns with automatic administration

of any medicine Escobar-Rodŕıguez et al. (2012). In addition, patient health reward

structures are hard to fully define Tang et al. (2020). Because patient health rewards

are complex, algorithms may suggest multiple near-optimal options for the clinician
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to choose from when administering treatment. This framework allows clinicians to

use information such as patient preference or pain tolerance that is not available in

EHRs when making decisions. In addition, this framework facilitates on-line learning

as actions suggested by RL policies are used to collect further data while alleviating

some ethical concerns of applying learned treatment plans. Table 1 summarizes the

related works reviewed and their particular areas of contribution and relevance to

bias mitigation.

Discussion

This study reviews the existing literature relating to bias and bias management when

applying RL for treatment planning. RL can effectively learn from retrospective EHR

data to create treatment policies Li (2017); Li et al. (2021); Schaefer and Bailey (2005).

Although temporal EHR data lend themselves well to RL, the potential for bias is a

major challenge when implementing RL systems. Notably, clinical and non-clinical

influences affect the data collected in EHRs and result in sample representation issues

and increased missing data Kelly et al. (2019); Beaulieu-Jones et al. (2017).

Through a comprehensive survey of the literature, this review highlights past and

ongoing efforts to mitigate bias in RL when applied to treatment planning. The major

themes that emerge relate to (1) various strategies to better manage the data from

which treatment policies are learned; (2) altering the design of learning algorithms to

ensure that they are learned in an equitable manner; and (3) making sure that the

resulting policies are explainable and easily understood in a clinical setting.

Data can be managed to reduce bias in treatment recommendations Zhu et al.

(2020a); Chawla et al. (2002). Two key challenges in data that can lead to bias are

data missingness and lack of sample representation. Missing values are often imputed

using different techniques and based on their missingness type. However, care must

be taken during imputation not to introduce potential bias. For problems with a

lack of sample representation in datasets, minority oversampling and/or majority
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Table 1.1: Summary of related works reviewed and their particular areas of
contribution and relevance to bias mitigation.

Bias Management Method References
Missing data

Chang et al. (2020), Furukawa et al. (2010), Hajjaj
et al. (2010), Hu et al. (2017), Jakobsen et al. (2017),
Nguyen et al. (2021), Sterne et al. (2009)

Resampling
Akter et al. (2021), Chen et al. (2018), Hajjaj et al.
(2010), Kärkkäinen and Joo (2019), Panch et al.
(2019), Parikh et al. (2019), Rajkomar et al. (2018),
Sánchez-Hernández et al. (2019), Roth (2020), Zhao
et al. (2018), Zhu et al. (2020a)

Sub-group analysis
Alosh et al. (2015), Baucum et al. (2022), Bernheim
et al. (2008), Bond et al. (2003), Cook et al. (2004),
el Hassouni et al. (2018), Ge et al. (2021), Hébert-
Johnson et al. (2017), Hooker (2021), Kreif et al.
(2012), Lesko et al. (2018), Murphy (2005), Panch
et al. (2019), Rajkomar et al. (2018), Riley (2012),
Sharabiani et al. (2015), Tanniou et al. (2016), Wen
et al. (2021), Whittle et al. (1993), Wong et al. (2018)

Cost-sensitive learning
Brownlee (2020), Geng and Luo (2018), Kukar et al.
(1998), Zhao et al. (2018)

Transfer learning
Parbhoo et al. (2020), Rajapakshe et al. (2021), Yang
et al. (2019), Yao et al. (2018), Zhang et al. (2021)

Reward shaping
Ge et al. (2021), Ge et al. (2022), Grzes (2017), Hu
et al. (2020), Li et al. (2022a), Lin et al. (2019), Lu
et al. (2020), Okudo and Yamada (2021), Wen et al.
(2021), Yang et al. (2022a)

Domain shift
Baucum et al. (2022), Cicek et al. (2021), Kumar
et al. (2020), Li et al. (2022a), Swazinna et al. (2021),

Explainability
Akter et al. (2021), Furukawa et al. (2010), Heuillet
et al. (2020), Kelly et al. (2019), Li et al. (2020), Liu
et al. (2020a), Lu et al. (2020), Okudo and Yamada
(2021), Parikh et al. (2019), Puiutta and Veith
(2020), Riley (2012), Tang et al. (2020), Vincent
(2014)
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undersampling data can be used Koivu et al. (2020); Sánchez-Hernández et al. (2019).

However, these techniques are not panaceas as they still require identification of

appropriate sub-groups from high-dimensional EHR data Rajkomar et al. (2018).

Further, algorithmic design can be leveraged to mitigate bias when learning

treatment policies Lin et al. (2019). Cost-sensitive methods can be used to ensure

that learning remains sensitive with respective minority sub-groups Geng and Luo

(2018). Despite the exploration of this concept within RL, much of past work is

grounded in classification where the ground truth is available and minority groups

are easily identifiable. Hence, there exists a gap in research on using cost-sensitivity

in reward design for developing temporal policies. Similarly, reward shaping could

potentially be used to incorporate fairness goals based on domain knowledge from

clinicians. Additionally, different techniques currently exist for adapting policies

for new circumstances. This includes variational and Bayesian inference, transfer

learning, HiP-MDPs, and meta-RL Zhu et al. (2020b); Baucum et al. (2022); Yao et al.

(2018); Yang et al. (2019). However, more work is needed to further these techniques

and ensure that they produce quality policies for any underrepresented patient with

their own unique characteristics. Conservative reward estimation methods also have

been shown to reduce bias in off-line RL Li et al. (2022a). However, further research

is needed to investigate the extent to which implementing and potentially combining

this approach with other techniques mitigates bias when learning treatment plans.

Lastly, RL policies need to be explainable and understandable to gain patient and

physician buy-in and to ensure that no obvious bias is introduced during learning.

Unfortunately, due to the temporal nature of RL policies and the complexity of patient

health data, explaining the policies and identifying potential bias can be difficult

Puiutta and Veith (2020). However, imposing certain criteria as constraints and

involving physicians as part of model development efforts have the potential to lead

to more explainable, understandable, and ultimately equitable treatment plans. A

clinician-in-the-loop framework that allows for investigating near-optimal policies and
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selecting one that most closely matches clinical intuition is another way to improve

explainability of the policies and their potential fairness.

1.4 Conclusions

This study reviews the literature on bias and bias management in RL when applied

to treatment planning and identifies major themes that can be used to mitigate bias.

Despite the growing literature on bias and bias management in RL when applied to

health care, there still is considerable work to be done to improve bias management

in RL. Future work should focus on specific methods to identify bias in RL policies

and to mitigate it, especially when RL is applied to retrospectively collect EHR data.

Improving bias management is the key to successful implementation of RL treatment

planning policies in practice.
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Chapter 2

Uncovering Bias in Reinforcement

Learning for Heparin Treatment

Planning
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A version of this chapter was originally submitted to IEEE Journal of Biomedical

and Health Informatics by Benjamin Smith, Dr. Khojandi, Dr. Vasudevan, Dr. Shafi,

and Dr. Davis:

Smith B, Khojandi A, Vasudevan R, Shafi N.I, Davis, R. (2023) Uncovering Bias in

Reinforcement Learning for Heparin Treatment Planning. [Manuscript submitted for

publication] Bredesen Center, University of Tennessee.

Abstract

Dynamic treatment policies have the potential to greatly improve medical outcomes

for patients. Algorithmic bias has not been fully explored for its impact on data-driven

temporal treatment planning. Therefore, we investigate how bias can affect heparin

treatment policies when learning from observational healthcare data. To do so, we

apply both model-based and model-free reinforcement learning (RL) algorithms that

attempt to develop policies to recommend heparin doses for patients. When learning

these heparin dose policies, we filter the available training data to only include

patients of a particular cohort. This process allows us to show how reinforcement

learning-based treatment policies are affected by domain shifts in patient populations.

Additionally, we explore the possibility of creating more personalized treatment plans

using specific cohorts of patients. We observe the difficulty of learning effective

treatment policies when too few samples exist from a patient cohort, but we also see

how treatment policies are less effective when more dissimilar patients are included

in the training data. This study highlights that care must be taken in the broad

application of RL-based policies derived from observational healthcare datasets and

calls for new strategies to ensure that RL-based treatments are not biased.
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2.1 Introduction

Heparin is a rapid-onset anticoagulant often used in intensive care units (ICU)

to treat acute thrombosis Alquwaizani et al. (2013). Administered heparin binds

to the enzyme antithrombin to inhibit its function and prevent the formation or

propagation of blood clots Jin et al. (1997); Hirsh and Raschke (2004). Despite its long

history and widespread clinical use, determining the proper dose of heparin remains

notoriously challenging, and observed patient responses are highly varied Basu

et al. (1972). In addition, misdosing heparin can have serious health consequences.

Supratheraputic heparin can result in excessive bleeding while subtherapeutic dosing

does not sufficiently reduce thrombosis risk or treat existing clots Nemati et al. (2016).

Existing heparin treatment protocols do not benefit all patients equally Keeling et al.

(2006), and these discrepancies result in bias against subgroups of patients Yu et al.

(2021).

Currently, heparin is administered using treatment protocols developed from

clinical trials that recommend weight-based dosing Sholzberg et al. (2021). Following

an initial loading dose of heparin, clinicians monitor patients’ activated partial

thromboplastin time (aPTT) or factor Xa activity to adjust heparin infusions as

needed to keep patients within a therapeutic range. Although the goal ranges for

aPTT or Xa activity can vary by patient, the broad goal of reaching relatively

stable anticoagulation is consistent Basu et al. (1972). Despite efforts to improve the

efficiency of arriving at the required heparin dose, patients often respond differently

to similar treatment regimes Toulon et al. (2021). One cause is that differences in

weight may not be a sufficient basis for current protocols, which consequently fail to

provide personalized effective treatment recommendations Gottesman et al. (2018).

Thus, some patients do not receive an equal quality of care Toulon et al. (2021).

Observational studies have shown that population characteristics beyond weight

matter Sholzberg et al. (2021); Kuhle et al. (2007). For instance, heparin protocols

learned from a population of patients in the US are less applicable for clinical settings
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in Japan Kawase et al. (2009). Additionally, adverse reactions to heparin treatments

such as bleeding are significantly more common in women, particularly those over the

age of 60 Walker and Jick (1980). A dynamic treatment protocol that considers a

range of patient descriptors and the patient’s entire medical state to recommend a hep-

arin dose could greatly reduce existing differences in the quality of care for patients.

2.1.1 Background

In recent years, electronic health records (EHRs) have greatly expanded the volume

of medical data available to learn new treatment policies Liu et al. (2019). EHRs

can provide much more comprehensive datasets than do clinical trials, although

just as in clinical trials, existing issues of bias within the data can persist if not

carefully considered. For our purposes, EHRs contain static and temporal clinical data

from many patients that can be used to improve future treatment recommendations

Liu et al. (2019). Static features include demographic data or known pre-existing

conditions that do not change during a patient’s hospital stay. Other features

are dynamic. For instance, in an ICU, EHRs store temporal medical data from

sensors, monitors, and other measurements. Temporal data from heart rate monitors,

instances of treatments being applied, or even clinicians’ comments can help describe

a patient’s current health state. Although certain factors can limit the quality of

EHRs, the increased volume of observations (compared with clinical trials) greatly

improves the statistical power when developing data-driven treatment policies.

One way to develop data-driven treatment models is through Reinforcement

learning (RL), a type of machine learning (ML) that is used to solve problems

involving sequential decision-making Sutton and Barto (2018). RL algorithms learn

through the interactions of an ‘environment’ with an ‘agent.’ In healthcare, RL can

use temporal EHR data to represent an ‘environment’ in which patients transition

from one medical ‘state’ to another based on the treatment or ‘action’ taken by the

‘agent’ Yu et al. (2021). Using sequential patient observations to extrapolate patient
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trajectories, RL algorithms learn the relationship between ‘states’ and ‘actions’ in

order to derive a ‘policy’ of actions that maximizes the collective ‘reward’ for every

state. For medical purposes, ‘rewards’ are usually related to improvements in patient

health metrics Liu et al. (2018). In the context of our study, that means being closer

to the desired therapeutic range of anticoagulation.

RL is based on the mathematical framework of Markov Decision Processes

(MDPs). MDPs are defined by tuples < S,A, P,R, γ > containing states, actions,

transition function, rewards, and discount factor, respectively Baucum et al. (2020).

The agent learns the transition function by mapping the current state st to the

next state st+1 under action at. The reward function r(st, at) returns the immediate

rewards, discounted by γ based on the horizon of the decision process. In RL, the goal

is often to learn an optimal policy π that prescribes the actions to take in each state to

ultimately maximize the total expected discounted reward over the planning horizon.

Importantly, when using MDPs, one must assume the Markov property is applicable

and that the evolution of the process starting from each state is independent of the

past states Baucum et al. (2020). In this way, actions can be learned for each state

independent of the past.

RL has been used to learn treatment policies for Parkinson’s disease Baucum et al.

(2021); Watts et al. (2020), sepsis Raghu et al. (2018), diabetes Zhu et al. (2021); Lee

et al. (2021); Noaro et al. (2023), and importantly and most relevant to this work,

for heparin administration Ghassemi et al. (2014); Nemati et al. (2016); Ghassemi

et al. (2018); Baucum et al. (2020); Lin et al. (2018). For healthcare applications,

RL agents generally leverage historical data to learn treatment policies that can be

generalized to new patients. RL studies of this type are performed in an observational

setting due to ethical considerations Gottesman et al. (2018). Applying RL with EHR

data can be a useful method for developing improved treatment policies. When doing

so, one must carefully consider the population characteristics of the patients in the

EHRs as well as how an RL algorithm optimizes its policy.

30



2.1.2 Related Works

EHRs can be used for RL in two distinct ways, model-based and model-free. In model-

based RL, EHR data are used to create a mathematical model of the environment that

predicts a patient’s next state and its accompanying rewards given a current state and

action. The agent then interacts with this environment model to learn which actions

to take in each state that maximizes returns (an optimal policy) Kaiser et al. (2019);

Atkeson and Santamaria (1997). One advantage of model-based RL is that new

policies can be tested on the environment when live data collection is not possible

(on-policy RL). However, because environment models are developed using static

EHR data, their validity is limited by the volume and quality of available training

data. Previous studies have used different environment models to train RL agents to

learn discrete heparin dose recommendations that attempt to keep a patient’s aPTT

values within a therapeutic range Baucum et al. (2020); Nemati et al. (2016).

In model-free RL, the EHR data are organized to train an RL policy directly from

existing observations. EHR data are collected as a sequence of ‘state, action, next

state’ tuples in a replay buffer. Observations of patients who receive heparin have

been used to create an experience replay buffer for RL Lin et al. (2018). Here, RL

learns the optimal policy directly from transitions in the experience replay although

the data were collected using a pre-existing, potentially unknown, policy Qiu et al.

(2022). In such a case, model-free RL is also an instance of offline and off-policy RL

that learns entirely from EHR data without simulating interactions. Model-free RL

applied to heparin employs a similar reward function as model-based studies. There

are limitations to offline RL policies that use observational data, however. Issues often

occur when the patient population to which an RL policy is applied is different from

the population with which it was trained Prudencio et al. (2022) or when confounding

variables are not included in the data.

While others have successfully used RL with EHR data to develop heparin

treatment policies, to the best of our knowledge, none of the past works fully
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considered population characteristics of their training data, the differences in patient

responses to heparin, and subsequent potential for bias in treatment policies Nemati

et al. (2016); Lin et al. (2018); Baucum et al. (2020). Instead, the population of

patients in the EHR was considered as a whole, and the policy performance was

estimated across all patients. In other words, these studies do not evaluate the

learned RL policies for potential biases when applied to different groups of patients.

Although some of these studies identify underrepresented patients and attempt to

adapt an RL policy for them Baucum et al. (2022), to the best of our knowledge, no

RL-based heparin treatment planning study has shed light on the differences across

patient subgroups to potentially reduce bias or investigated training data homogeneity

and sample size when learning the corresponding RL policies.

2.2 Motivation

Algorithmic bias in ML is a well-studied issue Mehrabi et al. (2021), but much

less so in RL due to the difficulty of observing and quantifying bias in temporal

decision-making problems. This is particularly true for heparin dosing algorithms.

RL algorithms may estimate the potential returns for certain states differently based

on the observed rewards of individual patients who visited this state. This could cause

an algorithm to be more pessimistic for certain states if most observations in those

states come from patients who are not treated well by weight-based protocols. In

this study, we investigate and demonstrate how the differences in patients and their

responses captured in EHR data potentially give rise to bias in heparin treatment

policies.

Despite the potential advantages of using EHR data, certain factors can limit the

effectiveness of learned treatment plans derived from them. EHR data are generally

collected under the standard of care, which may not be fully personalized. Thus, the

corresponding quality of care and data across individuals can vary, making learning

how to correctly recommend doses for all patients difficult. An RL algorithm learns
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a policy that maximizes the total reward for patients included in the training data

Sutton and Barto (2018). However, an effective policy for the majority of patients

may not be effective for patients’ subsets who respond differently. A truly optimal

RL policy would benefit all potential patients and would not sacrifice performance on

certain patients Baucum et al. (2021). When considering heparin dosing, observed

treatment responses differ between gender, age, and race Campbell et al. (1998);

Ignjatovic et al. (2006); Gibson and Yuet (2021). However, partially due to a lack

of genealogical explanation for these differences and partially out of a concern for

discriminatory algorithms demographic features are not always used in patient state

definitions Lin et al. (2018).

Additionally, in off-policy RL, distributional (i.e. domain) shifts between training

and testing data can result in policies that are ineffective in practice Kumar et al.

(2020). When these domain shift errors occur, RL algorithms typically overestimate

performance on previously unseen states An et al. (2021). While protocols may have

been learned from patients present in one EHR, the actual population of patients

being treated could be different. Although RL policies may estimate higher rewards,

domain shifts can result in RL policies that have unknown effectiveness for patients

who are under-represented in the training dataset. Then, these policies would exhibit

bias against these patients Gottesman et al. (2018). Similar data issues also limit

the effectiveness of environmental models used for on-policy learning Nguyen et al.

(2012).

Some of these estimation errors can be mitigated by increasing the samples in the

training population, although often obtaining more observations may not necessarily

be possible. Recent efforts to constrain predictions in offline RL to reduce domain shift

errors have improved performance Qiu et al. (2022); Kumar et al. (2020). However,

direct consideration of the training population is necessary to identify and mitigate

potential biases in heparin treatment plans.
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2.3 Objectives and Contributions

The potential for bias within RL-derived treatment plans has not been fully

investigated. Here, we explore the impact of training sub-populations when learning

RL-based heparin policies from observational data. We control which patients’ data

are used to train RL policies to create more personalized policies and show how

treatment policies can exhibit bias. Our work aims to highlight gaps in the current

heparin RL-policy development paradigm and we suggest how future researchers could

consider patient differences when learning RL treatment policies.

We filter the data to create training datasets that contain only patients of a

particular cohort and then derive RL policies from it. Theoretically, if sufficient

samples exist for a particular cohort, then an effective RL policy can be learned and

then applied to similar patients in the future. However, these policies will likely be

less effective when applied to patients dissimilar to those included in the training

data.

Although limiting the training data to rather homogeneous groups of patients

allows us to explore the possibility of creating more tailored treatment policies, it

precipitates another issue related to the effect of sample size when learning RL

policies: the fewer observations available from a cohort of patients, the higher the

likelihood of overfitting the treatment policy. Fewer observations in the training data

also require more estimation of unseen state-action values which is often associated

with domain shift errors. Sampling more observations of similar patients should

improve the certainty of policy effectiveness. However, since no new data are collected,

eventually only observations from dissimilar patients are available. Policies learned

from larger heterogeneous populations would be less personalized and consequently,

not optimized for all different patients. That is, although these generalized policies

are often claimed to be more applicable to new patients on average, they are less likely

to fully capture the unique differences in patient responses to heparin. In this way,
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our study also explores the relationship between sample size and patient population

heterogeneity on the quality and robustness of learned heparin treatment policies.

2.4 Methodology

2.4.1 Dataset and Patient Cohorts

We use the Medical Information Mart for Intensive Care (MIMIC-III) database

Johnson et al. (2016), which has been widely used in RL heparin treatment planning

studies Nemati et al. (2016); Baucum et al. (2020); Lin et al. (2018); Ghassemi et al.

(2014, 2018); Qiu et al. (2022). We particularly chose to use the same dataset as

previous RL studies to investigate the gap in understanding bias in heparin treatment

protocols. The MIMIC-III heparin dataset contains hourly observations for different

medical measurements of 2067 patients, with a mean patient length-of-stay in the

ICU of 26.6 hours.

The dataset contains different patient observations that are used to define states,

actions, and rewards. Consistent with past studies Nemati et al. (2016); Baucum

et al. (2020), fourteen features including heart rate, aPTT, temperature, creatinine,

Glasgow Coma Score, hematocrit, hemoglobin, normalized ratio of prothrombin,

platelet count, urea, arterial oxygen saturation, white blood cell count, and arterial

carbon dioxide levels define the state of a patient in our environment. The actions

are defined by discrete doses of heparin (in mL/kg). Heparin doses are discretized

at ∈ {0, 1, 2, 3, 4, 5} based on the percentiles of heparin doses administered relative

to the patient’s weight. Missing heparin doses were imputed using sample-and-hold

interpolation, and missing aPTT values were estimated using a neural network that

used the other thirteen features (plus weight, age, and gender) to estimate missing

aPTT observations. Together these patient trajectories can be organized into patient

health transitions to either train an environment model (for on-policy) or collected in

a replay buffer (for off-policy) from which heparin treatment policies can be learned.
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In this study, we create two sets of cohorts based on patient gender and weight.

First, we used gender (men/women as encoded in the dataset) as a feature to bin

cohorts to investigate domain shift errors and how policy performance uncertainty can

increase in RL heparin policies. Both gender groups are well represented in the dataset

and hence, it is likely that reasonably generalizable policies can be learned using each

cohort’s data. Although distributions of features such as weight differ slightly between

men and women, the features are distributed widely in both groups (see Table 2.1),

making it conceivable that each of these cohorts would produce policies that could be

applicable to the other. This is consistent with the implicit assumptions made by past

RL studies about the generalizability of the learned policies from a given population

but is at the core of our investigation.

Next, we use weight to create patient cohorts, because heparin doses are currently

recommended based on patient weight and weight has been reported to have a

significant influence on heparin response Wilson et al. (2001). Therefore, we use

weight to bin cohorts to investigate the trade-off between sample size and cohort

heterogeneity when training and testing within and across cohorts. We do so by

defining a range around the mean patient weight (182 lbs) from which to include

patients and then gradually increasing the range to include more patients. The

distribution of patient weights (in lbs) for all individuals in the dataset is shown

in Figure 2.1. The details of our weight-based cohorts are provided in Table 2.2.

2.4.2 RL Problem Formulation

We implement various RL algorithms, all of which attempt to learn a discrete

heparin treatment policy π(at|st) to recommend heparin doses for each state in the

environmental model or dataset that maximizes total expected returns (which is the

immediate reward rt(st, at) at the current time t plus the discounted sum of all future

rewards). We use the same reward function used in previous studies Baucum et al.

(2020); Nemati et al. (2016); Lin et al. (2018); Qiu et al. (2022) which is calculated
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Table 2.1: Gender-based cohorts used in this study.

Cohort Men Women
Patients 1,193 873

Observations 31,612 23,265

Figure 2.1: Distribution of the weight of patients in the dataset.

Table 2.2: Weight-based cohorts used in this study.

Weight Range (lbs) 173-191 164-200 146-218 128-236
Variance (lbs) ± 9 ± 18 ± 36 ± 54

Patients 331 633 1,136 1,550
Observations 8,303 16,327 29,900 41,157

Weight Range (lbs) 110-254 192-272 174-290 156-308
Variance (lbs) ± 72 ± 90 ± 108 ± 126

Patients 1,797 1,924 1,986 2,006
Observations 47,678 51,057 52,763 53,216
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using the patient’s aPTT values in the current state. The reward function essentially

returns a value of +1 for aPTT values between 60-100 seconds (therapeutic levels). If

a patient’s aPTT value at a particular time is outside of this range, then the reward

function returns a -1. The details of this function are provided in Equation (2.1), as

follows:

r(st, at) =
2

1 + e−(aPTT−60)
− 2

1 + e(aPTT−100)
− 1. (2.1)

We train our RL policies in two distinct ways to observe the effects in both model-

based and model-free paradigms. This is done to examine whether populations in

EHR data can affect RL policies regardless of how treatment policies are learned. In

the model-based setting, we first train an environmental model and then apply on-

policy RL algorithms to learn treatment policies. Alternatively, we employ off-policy

RL algorithms directly to the transitions in the dataset to learn heparin dose policies.

Model-based

For model-based RL, we model the environment using a transitional Variational

Autoencoder (tVAE). The tVAE adapts the traditional VAE model to model patient

transitions and has been shown to outperform other environmental models for this

particular heparin dataset Baucum et al. (2020). The tVAE models transitions

between sequential patient observations. A 14-length state vector st and the one-hot-

encoded action at at time t are inputs to the tVAE, and it outputs the predicted state

at time t + 1. Within the tVAE architecture, one network encodes the current state

into a latent space vector, and then a decoder network reconstructs and predicts this

vector in the state space for the next state. tVAE models are trained using gradient

descent that minimizes the sum of prediction loss and Kullback-Leibler divergence on

the latent and prior distributions. Using this environmental model, we are able to

apply on-policy RL algorithms that interact with the environment to learn a heparin

dose policy. The mathematical details of the tVAE environment are provided in

Baucum et al. (2020).
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We then apply two state-of-the-art on-policy algorithms, namely Asynchronous

Advantage Actor Critic (A3C) and Proximal Policy Optimization (PPO) algorithms.

The A3C algorithm learns the treatment policies πθ(at|st) that maximize the total

expected returns in the tVAE environments Babaeizadeh et al. (2016). Deep

RL methods implement neural networks to approximate state-action values, or Q-

values, to efficiently learn problems in complex tasks when tabular methods are not

feasible. A3C uses two neural networks to represent the value function V (st; θv)

(critic) and the policy πθ(at|st) (actor). A3C attempts to find θ that maximizes

arg maxθ E[
∑T

t=0 γ
tr(st, πθ(st))]. For each state, st, and action at, the agent calculates

the advantage A(st, at) by comparing the difference in the state-action value and the

average state value for all possible actions in this state. The advantage is calculated

as shown in Equation (2.2):

A(st, at) =
k−1∑
i=0

γirt+i + γkV (st+k) − V (st). (2.2)

where V (st) is the total expected value-to-go starting in state st, γ is the discount

factor (which we set to 0.99 Baucum et al. (2020)), and k is bounded above by the

length of the decision process T . The advantage is then used to update the policy net-

work parameters θ using gradient descent by ∇θlog(πθ(at|st)A(st, at))+η∇θH(πθ(st))

where H(πθ(st)) is the entropy of the policy in state st which encourages exploration.

A3C applies parallel agents interacting with the environment which act to stabilize

policy learning which makes the algorithm asynchronous Babaeizadeh et al. (2016).

Similarly, we apply the PPO algorithm to learn treatment policies using the

tVAE environment Schulman et al. (2017). PPO adapts concepts from trust region

policy optimization that prevent large policy updates and encourage smaller policy

updates to find an optimal policy. PPO constrains the policy update by using a

clipped surrogate objective function. The main objective function of PPO is shown
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in Equation (2.3):

LCLIP (θ) = Êt[min(ρt(θ)Ât, clip(ρt(θ), 1 − ϵ, 1 + ϵ)Ât]. (2.3)

Here, ρt represents the probability of taking action at in state st with the updated

policy πθ divided by the same probability but under the previous policy πθold. With

ϵ = 0.2, the clipped term clip(ρt(θ), 1 − ϵ, 1 + ϵ)Ât removes incentives for any policy

update ratios beyond [0.8-1.2] to prevent larger policy updates Schulman et al. (2017).

The minimum of the clipped and non-clipped objective functions is selected so that

the final objective value is the pessimistic bound of the non-clipped objective function.

Model-free

In the model-free setting, no environmental model exists and only off-policy RL

algorithms can be applied to learn from observational data. First, the experience

replay tuples (st, at, rt, st+1) for all transitions in the dataset D are collected in replay

memory Mnih et al. (2013). Then by sampling transitions from the replay memory,

off-policy RL algorithms leverage these data to learn heparin treatment policies.

We then apply three state-of-the-art off-policy algorithms, namely Deep Q-

network (DQN), Double Deep Q-network (DDQN), and Conservative Q-learning

(CQL). DQN uses two neural networks, a Q-network and a target network, to estimate

state-action values Yang et al. (2022b). The Q-network predicts the value for each

state-action pair and the target network predicts the best Q-value of all actions for

each state. The Q-network Q(s, a; θi) is updated for network parameters θ every i

iterations Mnih et al. (2015). The target network is only updated after τ time steps

and acts to help stabilize the targets of the Q-network. These networks are iteratively

updated until the optimal policy, πθ∗(st, at), is found. DQN samples uniformly from

the replay memory to incrementally update the network parameters to minimize the
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loss function shown in Equation (2.4):

L(θ) = Est,at,rt,st+1∼D[(rt+1 + γ max
a

Qθ′(st+1, a) −Qθ(st, at))
2], (2.4)

where we set γ to 0.99 to discount the agent’s horizon on future rewards and θ′ refers

to the parameters of the target network.

Analogously, DDQN adapts a similar architecture to DQN such that actions are

taken from the current Q-network rather than the target network to reduce the

overestimation bias Van Hasselt et al. (2016). The loss function in Equation (2.5)

shows this difference compared with DQN:

L(θ) = Est,at,rt,st+1∼D[(rt+1 + γQθ′(st+1, arg max
a

Qθ(st+1, a) −Qθ(st, at))
2]. (2.5)

Here, different from DQN, the value is calculated by the target network, while the

actions are selected by the original Q-network Noaro et al. (2023).

Finally, we implement CQL, an off-policy RL algorithm adapted from the DDQN

architecture. CQL is designed to reduce bias in off-policy (and offline) RL by

providing conservative estimates of the value of states Kumar et al. (2020). In

off-policy RL, because the Q-value of unseen (st, at, st+1) tuples must be calculated

via bootstrapping, they are prone to overestimation. CQL bounds the Q-function

for unseen state-action pairs to prevent this issue. Mathematically, CQL adds a

regularization term to minimize Q-values on unseen actions while simultaneously

maximizing the Q-function over the entire dataset as shown in Equation (2.6) Kaushik

et al. (2022); Shiranthika et al. (2022):

L(θ) = αEst∼D[log
∑
a

expQθ(st, at) − Ea∼D[Qθ(st, at)]] + LDoubleDQN(θ), (2.6)

where α is the trade-off factor between the regularization term and DDQN loss which

we set to 1 Kumar et al. (2020). CQL is designed to reduce offline estimation
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issues and hence, the policies learned by CQL are expected to represent the best-

case scenario for off-policy value estimation when distributional shifts occur in offline

RL.

2.4.3 Evaluation

We compare each cohort-specific RL policy’s estimated performance with the

performance of the weight-based treatment policy derived from the dataset (observed

clinical performance). For consistency and to enable comparisons, we use the same

reward function as in our RL formulations to calculate clinical performance. We

calculate the cumulative rewards for each patient’s hospital stay and average them

across all patients in that cohort. We then compare the average clinical rewards with

our cohort-specific RL policy rewards to examine the extent to which RL policies

provide benefits beyond each cohort’s observed outcomes.

For model-based RL, the tVAE environment is trained using data from a cohort

and then a policy is learned from the cohort’s environment. Using the learned

heparin treatment policies, we simulate patients’ trajectories for 27 hours (closest

to the average length of patient observations) with the environment and average the

cumulative rewards across patients in that cohort. We simulate 5000 trajectories for

each cohort five times and report the mean of their average returns.

For model-free RL, the algorithms learn from each cohort’s data directly. After

training, we evaluate RL policies on patients who belong to the respective cohort but

were withheld from the training data for testing by an 80/20 split, respectively. Each

policy can be evaluated using the average value estimation function of states given by

Est∼D[max
a

Qθ(s, a)]. Similar to on-policy evaluation, we repeat policy training five

times for each cohort and report the mean of their average returns.

Additionally, heparin dose policies are tested on patients who belong to different

cohorts than the training data. When testing policies this way, we essentially examine
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the extent to which RL policies generalize to different patient populations. Such cross-

testing across cohorts demonstrates how distributional shifts in patient populations

affect the predicted performance of RL policies. Because we know which cohort each

policy is learned from and should be optimized for, this cross-testing allows us to

elicit the potential mismatches between policy performance estimations and enables

us to predict any potential inaccuracies.

2.5 Results

2.5.1 Gender-based cohorts

Figure 2.2 presents the average rewards for policies learned using gender-based

cohorts. The clinical data bars represent average clinical rewards using the weight-

based treatment policy which are calculated from the dataset directly. In our dataset,

men had a mean reward of -1.81, while women had a mean reward of 0.31. We compare

the clinical data rewards to the estimated rewards of RL policies learned from men’s

and women’s data under on-policy model-based RL algorithms (Figure 2.2(a)) and

off-policy model-free algorithms (Figure 2.2(b)). All RL algorithms improve upon

clinical policies, which is consistent with the published literature Baucum et al. (2020);

Nemati et al. (2016); Lin et al. (2018); Ghassemi et al. (2014, 2018).

As seen in the figure, interestingly, the rewards under a policy that is learned

and tested on the same cohort (cohort policy) are different from those under a policy

that is learned and tested on the opposite cohort (opposing policy). The generic

expectation is that policies trained and evaluated on the same cohort will outperform

those trained on different cohorts. Overall, the rewards under cohort policies for men

are lower than those for women. This potentially implies that women benefit more

from the learned RL cohort policies.

Unexpectedly, for men, rewards under policies trained and tested on men are

consistently lower than under policies trained on women (opposing policies). This is
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consistent across all on-policy and off-policy RL algorithms, though the discrepancy

is greater for DQN and A3C. Note that despite this seemingly improved performance,

we speculate that the opposing policies are not truly optimized for men. Rather, this

observation might be due to poor reward estimations caused by the induced domain

shift in training and testing populations. That is, the higher predicted rewards

could be due to the misestimation of rewards when using women’s policy applied

to unknown spaces in the state-action space of men. Additionally, the differences

in the average clinical data show how women have higher rewards on average than

men. This difference indicates that men and women respond differently to, and benefit

unequally from, the same weight-based treatment protocol. Also, this difference could

help cause the overestimation of rewards when testing the policy learned from women

on men. The policies trained only with data from women likely fail to identify the

differences in heparin response dynamics between the two populations and assume

that men will respond similarly to women. Such results point toward the trouble

with biased estimators caused by underlying cohort shifts. DQN and A3C seem to be

more vulnerable to this domain shift issue, whereas DDQN and PPO appear slightly

more robust, which can be partly explained because of their design that prevents

overestimation bias. Unexpectedly, CQL was more vulnerable than DDQN, but less

vulnerable than DQN to domain shifts.

Misestimating policy performance when the population is shifted shows how RL

can be vulnerable to, and further propagate, biases in data. Despite performing

seemingly well on new patient populations, because of our study design, we know that

there is more uncertainty in the policy’s performance and that the policy assumes that

patients in the test population respond similarly to those in the training population.

In practice, changes in the patient population are less obvious. Therefore, when

applying RL one must consider that differences in patient responses to heparin could

decrease the effectiveness of learned treatment policies.

Lastly, we observe certain differences between the on-policy and off-policy

implementations. Estimated rewards for on-policy algorithms are in a similar range as
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they both use the tVAE environment to model transitions. The off-policy algorithms,

however, on average result in higher estimated rewards compared with the on-policy

ones. Despite that, the rewards under off-policy algorithms are themselves on a

similar scale as these policies are learned by sampling observations from the same

replay buffer. This allows us to reasonably compare policies from different algorithms

that are developed through the same process (either off- or on-policy).

2.5.2 Weight-based cohorts

Figure 2.3 presents the average rewards for policies learned using the weight-based

cohorts. The bars represent the population size of each cohort, which increases in

weight range from left to right, and the line and dots represent the average rewards of

each RL policy for the corresponding cohort. We compare the estimated rewards of

RL policies learned from each weight-based cohort’s data under on-policy model-based

RL algorithms (Figure 2.3(a)) and off-policy model-free algorithms (Figure 2.3(b)).

As seen in the figure, when using the tightest cohort weight range data in training

(i.e., a rather homogeneous cohort with respect to weight but the fewest number of

patients), we generally observe the lowest estimated rewards across the algorithms.

As the weight ranges increase (i.e., cohorts become less homogeneous with respect to

weight but now include more patients), in general, estimated rewards first increase and

then start to decline. PPO and DQN achieve their highest estimated rewards when

trained with and applied to patients between 128 and 236 lbs, and CQL achieves this

with patients between 110 and 254 lbs. Finally, A3C achieves its highest estimated

rewards for patients between 92 and 272 lbs, the widest weight range for which we

observe a maximum reward across all algorithms.

The observations in Figure 2.3 indicate a trade-off between sample size and

heterogeneity in training data. That is, the drop in performance for wider weight

ranges is likely due to differences in the newly included patients’ responses to heparin

which increases the heterogeneity of the training population. These patients who
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(a) On-policy algorithms (b) Off-policy algorithms

Figure 2.2: Rewards for men’s and women’s cohorts under on- and off-policy
algorithms. Average observed rewards for each cohort from the dataset are shown by
Clinical data. Cohort policy refers to the estimated rewards for the RL policy trained
using that cohort’s respective data. Opposing policy refers to the estimated rewards
of the policy learned from the other gender’s data.

(a) On-policy algorithms (b) Off-policy algorithms

Figure 2.3: Rewards for weight-based cohorts. The bars correspond to the number
of patients in each cohort given on the left-side axis. The average rewards for each
cohort are shown by the line plot and values on the right-side axis.
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serve as outliers with respect to weight could potentially transition differently than

the ‘majority,’ affecting how RL recommends doses. Therefore, the policy’s overall

performance could be affected partly because the policy is now less effective on the

‘majority’ and partly because the policy performs potentially poorly on the newly,

but less represented ‘minority.’

The general trend of increasing and then decreasing rewards is present for all

the algorithms implemented, but there are some notable differences. When training

policies using tVAE environmental models (i.e., on-policy algorithms), we observe

similar values for most cohorts, but a significant discrepancy in rewards when learning

from patients within 173-191 lbs. PPO estimates very low performance for this cohort,

but A3C predicts a higher value. Because this cohort contains rather few patients

(i.e., 331 patients as provided in Table 2.2), it is possible that A3C overfits its policy

to the training data. Also, for these two algorithms, we observe an increase in rewards

for the largest weight range.

As was the case for on-policy algorithms, there are differences in estimated rewards

among off-policy algorithms. Using patient data from the two most tight weight

range cohorts, DQN predicts a higher value compared to DDQN and CQL. Again,

we attribute this to the policy likely overfitting to the smaller population. Estimated

rewards follow a similar trend until the cohort with the largest weight range. When

learning from all patients between 56 and 308 lbs, the estimated policy performance

for DQN and DDQN drastically decreases which indicates that these methods may

be more sensitive to outlier observations. In contrast, CQL’s performance decreases,

but less drastically than the other two, which could be because its conservative value

estimation makes it robust against changing the policy too significantly for outlier

patients.
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2.6 Discussion

This study investigates how patient populations can affect policy learning. It

particularly demonstrates the subtle ways bias can occur in RL, which is different

from the overt way it presents itself in non-temporal ML problems. We explore the

potential for bias in RL policies based on the patient population present in EHRs and

attempt to use cohorts to create more personalized treatment policies. We explain

how domain shifts can occur when learning from EHRs and then observe the effects

when changing the patient population using cohorts based on gender. We also observe

how the representation of particular patient types limits the ability of RL to learn

effective heparin treatment policies using weight-based patient cohorts.

Domain shifts in EHR populations can affect RL heparin treatment policies. Our

results show that simple features, such as gender in this case, can potentially cause

domain shifts. While our choice of cohorts is made for illustrative purposes, this

shows how factors in the data limit the effectiveness of RL treatment plans. Cross-

testing policies for the opposite gender allows us to highlight what uncertainties exist

when applying RL policies on a similar, but not identical patient population. Because

we intentionally change the training population, we can predict when the estimated

performance of RL policies is likely inaccurate. Importantly, our results show that

domain shifts can affect model-based on-policy RL as well as model-free off-policy RL

algorithms. However, they also show that not all algorithms are created equally, and

some may be more or less prone to certain biases in data.

Furthermore, our results show that there is a trade-off between sample size and

heterogeneity that can affect RL heparin treatment policies. Using weight-based

cohorts, we show that heparin dose policies can be learned for particular groups of

patients when sufficient samples exist in the data. We observe the differences in

estimated RL performance when changing the patients included in the training popu-

lation. Using weight-based cohorts, we successfully trained policies to learn improved
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treatment policies for patients near the ‘average’ weight. However, including less simi-

lar patients (and outliers) causes the policy performance to suffer. This is likely due to

the differences in transition dynamics of patients less similar in weight. Unfortunately,

for groups of patients outside the normal weight range, we are unable to confidently

and consistently learn an improved treatment policy using their observations alone.

Hence, transfer learning and policy adaptation methods Baucum et al. (2021) for

under-represented patients may be the best approach to optimize RL for minority

populations that are significantly dissimilar from most patients in the training data.

Our study has several limitations. Importantly, our goal was not to develop an

improved method for learning heparin dosing through RL. Rather, our work simply

attempts to highlight how EHR data can introduce bias in RL policies. We follow

methods previously applied to demonstrate the effect of patient populations in the

current paradigm for RL heparin policy development. Our evaluation focuses on how

RL algorithms estimate performance as the training and testing patient population

changes. Additionally, we chose straightforward cohort definitions for our training

populations. High dimensional identification of patient cohorts would likely be more

appropriate for developing personalized treatment plans, but our cohorts are chosen

to more clearly demonstrate how population shifts occur in practice.

2.7 Conclusions

This study investigates bias in RL for heparin treatment planning. It leverages state-

of-the-art model-based and model-free RL algorithms to successfully train RL-based

heparin treatments. The study uncovers the subtle ways that bias can present itself in

heparin treatment planning by leveraging specifically selected cohorts from a widely-

used EHR dataset. As such, this study demonstrates the potential for bias in RL

policies due to various data-related issues including domain shifts, and sample size/

heterogeneity trade-off. No single RL policy used in this study seems to be fully

immune to such biases across all data issues. As such, care must be taken when using
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EHR data and RL to devise treatments. Furthermore, new RL algorithms need to

be developed to further address the gap that currently exists to ensure that potential

RL-based treatments are not biased.

In the future, it will be important to investigate the relationship between

heterogeneity and sample size for RL policies. This could potentially include

calculating new metrics to capture patient heterogeneity in training data to determine

if a patient’s observations should be included during policy learning. Future work

should also include developing an effective way to identify if a new patient is not

well represented in the training data used to develop the models in order to prevent

applying inappropriate treatment policies.
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Chapter 3

Evaluating the Impact of

Healthcare Data Completeness for

Deep Generative Models
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A version of this chapter was originally published by Benjamin Smith, Senne Van

Steelandt, and Dr. Khojandi:

Smith, B., Van Steelandt, S., and Khojandi, A. (2023). Evaluating the Impact of

Health Care Data Completeness for Deep Generative Models. Methods of Information

in Medicine, 62(1-02), 31–39. https://doi.org/10.1055/a-2023-9181.

Abstract

Background: Deep generative models (DGMs) present a promising avenue for

generating realistic, synthetic data to augment existing healthcare datasets. However,

exactly how the completeness of the original dataset affects the quality of the

generated synthetic data is unclear.

Objectives: In this paper, we investigate the effect of data completeness on samples

generated by the most common DGM paradigms.

Methods: We create both cross-sectional and panel datasets with varying missingness

and subset rates and train generative adversarial networks (GANs), variational

autoencoders (VAEs) and autoregressive models (Transformers) on these datasets.

We then compare the distributions of generated data with original training data to

measure similarity.

Results: We find that increased incompleteness is directly correlated with increased

dissimilarity between original and generated samples produced through DGMs.

Conclusions: Care must be taken when using DGMs to generate synthetic data as

data completeness issues can affect the quality of generated data in both panel and

crossectional datasets.

Keywords: data quality, data completeness, case completeness, missingness, deep

generative models
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3.1 Introduction

The impact of data-driven healthcare research can be limited due to the volume,

quality, and privacy concerns of available datasets Chen et al. (2021). Therefore, using

existing healthcare datasets and statistical models to generate additional synthetic

samples is considered a potential avenue for furthering healthcare research Wang

et al. (2021). While synthetic data can improve model performance, limitations due

to the original dataset still arise. In healthcare, this relates to patient representation,

missing data, and the potential for biases in treatments Bhanot et al. (2021). Our

work directly compares synthetic data produced through popular and highly regarded

deep generative models (DGMs) Kusner et al. (2017); Isola et al. (2017), when using

real healthcare data of different qualities. Our work demonstrates the limitations

in accuracy when generating data using incomplete datasets and explores the

mechanisms with in which data completeness affects generative model performance.

DGMs are a family of deep learning architectures that use deep neural networks

to infer high dimensional distributions from large datasets Eigenschink et al. (2021).

They have displayed state-of-the-art performance across a variety of tasks where

mapping these complex distributions is essential, such as speech generation and

compression Huzaifah and Wyse (2021). Similarly, DGMs have increasingly been

applied in healthcare to generate synthetic data sampled from the inferred probability

distribution as a means of augmenting existing datasets or creating synthetic, fully

anonymous datasets Piacentino et al. (2021).

The validity of inferred probability distributions highly depends on the quality

of the dataset that the DGM is trained on Raab et al. (2017). The limited size of

medical datasets, the underrepresentation of minorities, and missing values resulting

from patient dropout are only a few of the issues that have been thoroughly described

to affect the completeness of datasets Chen et al. (2021). This concept of completeness

is typically quantified through two components, namely, case completeness and

missingness Weiskopf et al. (2013).
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Case completeness refers to a dataset’s coverage of the true population dis-

tribution. In other words, it captures the extent to which the sample dataset

contains sufficient randomly collected observations such that the model of interest

can reconstruct a dataset with the true population statistics Burkhart and Androwich

(2004). Case completeness, from a practical perspective, somewhat depends on

the presence of a diverse sample population in a dataset. Failure to adequately

sample patient observations would bias the resulting generated data from representing

characteristics of all different patient types Wright et al. (2015). That is, a small

sample size that does not include all patient types would limit the effectiveness of

generative models.

Missingness refers to the completeness of the recorded data. Observed features

and/or characteristics can have different rates of missingness depending on how often

observations were not appropriately recorded in a dataset Burkhart and Androwich

(2004). Unless all observations are available, depending on the missingness rate and

pattern, incomplete observations can either be removed from the dataset or missing

values can be estimated and replaced through imputation Beaulieu-Jones et al. (2017).

Increased missingness directly correlates with uncertainty and decreased quality of

models built using incomplete observations.

There’s a vast body of healthcare research that has highlighted how the

performance of deep neural networks is affected by case completeness and missingness.

However, these studies usually focus on these aspects of data quality separately. In

addition, existing studies focus almost exclusively on the discriminative paradigm.

The generative paradigm remains rather unexplored, and while attempts have been

made to either understand the effect of small datasets or missing value on the

performance of DGMs, few have looked at the joint relationship, particularly in the

context of healthcare.

To the best of our knowledge, this study is the first to examine the combined effect

of case completeness and missingness on the ability of DGMs to correctly approximate

the data’s probability distributions in a healthcare context. We demonstrate the
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challenges associated with generating synthetic samples from incomplete data using

three of the most popular and powerful DGM approaches, namely, generative

adversarial networks (GANs), variational autoencoders (VAEs) and autoregressive

models (Transformers) Kusner et al. (2017); Isola et al. (2017); Katharopoulos et al.

(2020); Vaswani et al. (2017).

3.1.1 Motivation

Completeness is one of the most significant issues in healthcare data and directly

limits the effectiveness of treatment models built using the data (e.g., using machine

learning models) Hilsenbeck et al. (1992); Kodra et al. (2017). While synthetic data

can augment healthcare data sources to improve the completeness, their efficacy may

be limited by the quality of original data Reiter (2004). Our work focuses on the

quality of generated samples from incomplete datasets, rather than the accuracy of

treatment models built using the data. Because our work concerns the quality of

generated samples, we compare the data generated through DGMs as a function of

case completeness and missingness.

Case completeness in training data inhibits DGMs from generating diverse

synthetic samples Wright et al. (2015). Completeness, in this way, requires datasets

to adequately contain instances of different patients’ characteristics or responses to

treatments Raab et al. (2017). Failure to include all patient types in healthcare data

prevents DGMs from generating synthetic samples to represent minority populations

Weiskopf et al. (2013). Poor case coverage in training data may still result in synthetic

data that on average are similar to the training population. However, with fewer

samples for DGMs to learn from, synthetic samples are likely more similar to ‘average’

patients in the training data rather than being representative of the true patient

population Bhanot et al. (2021). This trend results in bias Dietterich and Kong

(1995) by favoring certain cases to generate synthetic samples Wang et al. (2020).
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Missingness refers to missing observations across features in a dataset Little et al.

(2012). Missing observations in data generally necessitate increased approximations

when training generative models Faris et al. (2002). Because missing values are often

estimated or ignored, DGMs may learn inaccurate distributions of the data and result

in synthetic data that are statistically biased Kelly et al. (2017). Missingness has been

shown to decrease model performance in discriminative and generative models Markey

et al. (2006). Importantly, data missingness limits DGMs’ ability to consistently

generate samples similar to true patient populations Li et al. (2019); Hu et al. (2021).

As such, the observed variance generally limits the effectiveness of synthetic data to

augment incomplete healthcare datasets.

We investigate the impact of completeness in healthcare data for DGMs in the

dimensions of case completeness and missingness. Case completeness in healthcare

data most relates to the patient sample size, and incompleteness in this way results

in DGMs that fail to represent minority patient populations Xu et al. (2021).

Missingness relates to the statistical definition of bias due to increased approximations

required when generating synthetic data Feldman et al. (2017). These dimensions

of completeness have not been explored in unison for generative healthcare data

Mattei and Frellsen (2019). Previous work has considered these issues in classification

algorithms or for generative methods in one dimension of completeness. In this

study, we demonstrate how case completeness and missingness affects generative

models’ effectiveness in generating appropriate synthetic samples. Figure 1 provides

an overview of our study framework.

3.1.2 Objectives

This study examines the impact of completeness in healthcare data on the quality

of synthetic samples produced from popular DGMs. The study demonstrates this

impact using real-world cross-sectional and panel healthcare datasets. Specifically,

we evaluate the similarity of produced synthetic data to the true, complete data after
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introducing different rates of case incompleteness and missingness to the original

data. As such, our study demonstrates the potential challenges of using incomplete

healthcare data for generating synthetic samples.

In the remainder of this paper, we first describe the datasets and DGMs used in

our analysis. We then provide an overview of our evaluation process. We next present

the results for DGMs applied to datasets at different rates of completeness. Lastly, we

discuss the implications and limitations of our analysis and comment on future work.

3.2 Methods

3.2.1 Dataset Description

The datasets used for the experiments in this paper are derived from the MIMIC

III database, a peer-reviewed and widely used database containing a wide array of

deidentified data on ICU patients staying at the Beth Israel Deaconess Medical Center

between 2001 and 2012 Johnson et al. (2016).

For our experiments, we focus on those patients that received heparin during their

stay in the intensive care unit (ICU). Heparin is an anticoagulant that is frequently

administered to patients to treat various medical conditions, such as, among others,

the prevention of blood clots Baucum et al. (2020). We separate the available data of

heparin patients to create two datasets. The first dataset contains the demographic

cross-section of patients that receive heparin treatment in the ICU, with features

consisting of age and height. The other dataset contains, for each patient, the average

heart rate per 4-hour interval during the first 40 hours of heparin administration. The

details of the variables in the datasets and their descriptions are provided in Table

3.1. Of all the variables of interest, these variables are particularly included in our

demonstrations because of their high rate of completeness in the MIMIC III dataset.

In this way, we are able to construct real-world sample datasets to which we can
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introduce various rates of completeness for evaluating the corresponding impact on

DGM performance.

We perform minimal cleaning and pre-processing, solely consisting of normalizing

the data and removing the incomplete cases from both datasets. Following this

process, a total of 3,000 patients are present in each dataset.

For both datasets, we leave out 10% of observations for validation, totaling 300

samples. From the remaining 90%, we create 42 cases, each differing in their number

of observations (7 levels) and missingness rate (6 levels). Specifically, we consider

subset rates of 1.6%, 3.2%, 6.0%, 12.5%, 25%, 50%, and 100% to create cases ranging

from 48 to 3,000 in sample size and consider missingness rates of 0%, 2%, 5%, 10%,

25%, and 50%. The missingness rate is introduced by censoring the original dataset

based on a missing completely at random (MCAR) pattern.

3.2.2 Deep Generative Models

In this study, we use three deep generative frameworks, namely GANs, VAEs,

and Transformers. For the purpose of generalization, we focus on the generic

implementation of each DGM and not on task-specific implementations that can

potentially achieve better performance at the cost of generalization.

GANs use two competing neural networks to generate realistic synthetic data.

GANs are made of a generator network that is trained to take in random noise and

transform it into realistic samples. Alternatively, the discriminator network takes in

both real and generated samples and attempts to classify each. These two networks

train against each other until the classification of the discriminator is around 50%,

meaning that it can no longer distinguish between real and generated data samples.

At this point, the generator network can be used to create synthetic observations of

a particular data type. GANs have been used extensively in healthcare, achieving

state-of-the-art performance on tasks such as synthetic health record generation Torfi
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Figure 3.1: The overview of the study framework. First, the two components of
completeness introduced to datasets used to train deep generative models to create
synthetic samples. Next, these synthetic data are evaluated for similarity of generated
samples to true data.

Table 3.1: Summary of the features in the sample real-world datasets, drawn from
the MIMIC database, used in this analysis.

Dataset Variable Description

Demographic Age The age of the patient when
admitted to the hospital.

Height The height of the patient when
admitted to the hospital.

Physiological Heart rate The average heart rate of the
patient over a 4-hour interval.

59



and Fox (2020), data imputation Suo et al. (2019) and image generation Lee et al.

(2019).

VAEs are based on two neural networks: An encoder and a decoder. The encoder

takes in real data and attempts to represent these data as a distribution over the

latent space. The decoder then attempts to re-represent the encoded data in the

original, real data space. The joint optimization of these two networks results in a

model that can generate realistic synthetic samples from real datasets.

Transformer models are neural networks that learn relationships to track sequen-

tial data. Transformers are most commonly used in speech recognition and generation

and use a term called self-attention to learn the relationship between values such as

words in a sentence. Transformers provide a computationally efficient method for

learning temporal relationships between data points. Transformers have been applied

to solve a variety of predictive healthcare tasks, including opioid use Fouladvand

et al. (2021), Covid-19 Shome et al. (2021), suicide risk Salmi et al. (2022) and

asthma exacerbation prediction Zeng et al. (2022), as well as an increasing number

of generative tasks, such as clinical text generation Amin-Nejad et al. (2020).

3.2.3 Model Evaluation

In our context, generative models’ performance is determined by their ability to

recreate the original dataset that they are believed to represent. In other words,

if we sample from these generative models, we expect that for a well-performing

model, given sufficient sample size, the distribution of these samples to be similar to

that of the original population.

Thus, unlike the popular point prediction where a score can be calculated for each

observation, we examine the entire generated dataset against a validation dataset

(without any missing values) to understand a DGM performance. To do this, we

sample a new dataset from a learned DGM, equal in size to that of the validation

dataset against which we want to evaluate our DGM performance. We then calculate
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the Mean Absolute Error between sample vectors from the generated dataset and

the validation dataset, where the samples are paired such that the summed minimum

Mean Absolute Error across all pairs is minimized Jonker and Volgenant (1987); Kuhn

(1955). We use this summed distance between each pair of points, which we refer to

as the Minimum Mean Absolute Error (MMAE), as a measure of a model’s ability to

recreate the original dataset. The MMAE is mathematically represented by,

min
i,j

n∑
i=1

|yi − ŷj|

where yi and ŷi ith paired samples from the validation and generated datasets

respectively, and n denotes the number of samples in each of the two datasets.

Because the MMAE represents the shortest possible distance between the

validation and generated datasets, we use it throughout this paper as a metric to

describe the similarity between the datasets, where the higher the MMAE, the lower

the similarity.

Throughout this manuscript, we present the 95% confidence interval for the

results, using the t distribution instead of the normal distribution due to the small

cross-validation sample size. Figure 2 summarizes our study design and model

evaluation scheme.

3.3 Results

We compare generated, synthetic samples with original data at varying both

missingness and subset rates. We implement the VAE and GAN for both the cross-

sectional and temporal dataset, while the Transformer model is only implemented for

the temporal dataset because this model is only generative when modeling sequential

data Gao et al. (2020).

Figure 3 presents the MMAE scores for VAE and GAN models when applied to

patient demographic data across varying missingness and subset rates. In general,
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for any given missingness rate, the MMAE score decreases (i.e., the performance

increases) as the subset rate (hence, the sample size) increases for both VAE and

GAN. Similarly, in general, for any given sample size, the MMAE score increases (i.e.,

the performance decreases) as the missingness rate increases for VAE. Interestingly,

this relationship is less pronounced in GANs where for any given sample size, the

MMAE score is less sensitive to the missingness rate. This suggests that GANs may

be generally more robust against missingness than VAEs in the dataset examined. De-

spite this decreased sensitivity to missingness, GANs were consistently outperformed

by VAE models as shown with higher MMAE scores, particularly at low subset rates.

Figure 4 presents the MMAE scores for GAN, VAE, and Transformer models

when applied to temporal heart rate data across varying missingness and subset rates.

Similar to the observations made in Figure 3, in general, for any given missingness

rate, the MMAE score decreases (i.e., the performance increases) as the subset rate

increases for VAEs. For GANs, MMAE scores do not decrease until the subset rate

is greater than 12.5%. Interestingly, this pattern is less pronounced for Transformers.

That is, at very low subset rates (i.e., at 1.6% and 3.2% where the resulting samples

are too small), the MMAE score is rather large. However, for larger subset rates

(i.e., larger sample sizes), the MMAE score is consistently lower, meaning that

Transformers are generally less sensitive to sample size as long as it is not too small.

Furthermore, interestingly, in general, for any given subset rate, the MMAE scores

are relatively consistent across various missingness rates for all three models. This

relationship (or lack thereof) is more pronounced in VAEs where for any given subset

rate, the MMAE score is rather insensitive to any changes in the missingness rate.

Overall, this suggests that both VAEs and Transformers are generally robust against

missingness rate in the dataset examined.
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Figure 3.2: Study design. [GAN: Generative adversarial network, VAE: Variational
autoencoder, Transformer]

(a) GAN evaluation results

(b) VAE evaluation results

Figure 3.3: MMAE scores with the heart rate dataset using GAN, VAE, and
Transformer models from both perspectives of missingness and subset rates.
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(a) GAN evaluation results

(b) VAE evaluation results

(c) Transformer evaluation results

Figure 3.4: MMAE scores with the heart rate dataset using GAN, VAE, and
Transformer models from both perspectives of missingness and subset rates.
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3.4 Discussion

In general, the MMAE score increases (i.e., the performance decreases) as the

sample size decreases, although differing significantly between model and data types.

Compared with the demographic data, the heart rate data are generally less affected

by sample size. That is, the VAE and GAN models trained on demographic data

present a stronger effect of sample size on model performance, as compared with the

VAE, GAN and Transformer models trained on heart rate data.

Second, relative model performance is in line with the current literature. For the

demographic data, VAEs outperform GANs, which are notoriously data inefficient

Ghadirzadeh et al. (2020). Similarly, for the heart rate data, the Transformer model

outperforms the VAE, while the GAN is the worst performing model. Interestingly,

the the Transformer model shows minimal degradation in performance as the sample

size decreases.

The relationship between the missingness rate and the MMAE is less pronounced.

For the demographic dataset, the VAE models show a positive relationship between

the missingness rate and the MMAE score, especially for the larger sample sizes,

while the GAN models do not show any strong relationship between MMAE scores

and missingness. For the heart rate dataset, no strong relationship between the

missingness rate and the MMAE score is observed.

The mechanisms of completeness generally affect DGMs similarly based on the

type of data considered. Demographic data are consistently more affected by smaller

sample sizes than heart rate data. This suggests that temporal heart rate data

can be more easily represented with fewer samples (e.g., where sensor readings may

be missing every now and then) than demographic data, and that they can more

easily be augmented with generative models. Demographic data are generally more

representative of patient population coverage, which is why small sample size appears

to cause more of an issue. In this way, case completeness may be a more important

concern when learning from non-temporal data.
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While preliminary, this work directly relates to the impact of data-driven

healthcare research. Synthetic sample generation may improve model performance

when learning from incomplete datasets, but the quality of synthetic data generally

decreases as the completeness of training data decreases. Importantly, our work

highlights the differences in how the mechanisms of completeness affect generative

models’ performance using healthcare data of different types. As such, data-driven

population-level research should be more considerate of case completeness when using

generative models.

3.5 Conclusions

We successfully demonstrate the impact of the completeness of healthcare data on

the DGMs used to create synthetic samples. We observe the effects of completeness

in the dimensions of case completeness and missingness by introducing these issues

to a complete training data and comparing the similarity of the generated data with

the ground truth. We implement multiple DGMs on two different real-world datasets

designed to represent two common types of healthcare data.

In addition, we use relatively naive implementations of DGMs to show how

different types of generative models are affected. Despite these limitations, we

effectively study both components of completeness for their effect when generating

synthetic samples to augment existing healthcare data.

Future work may consider extending this investigation of data quality beyond

completeness. Specifically, it may consider measurement error or the effect of

granularity of time series data. This may shed further light on the nuances of data

quality’s effect on the generation of synthetic samples through DGMs.
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Chapter 4

Towards Automating Ferroelectric

Domain Wall Control using

Reinforcement Learning
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A version of this chapter is in preparation for journal submission by Benjamin

Smith, Bharat Pant, Dr. Yongtao Liu, Dr. Yu-Chen Liu, Dr. Jan-Chi Yang, Dr.

Stephen Jesse, Dr. Khojandi, Dr. Sergei V. Kalinin, Dr. Ye Cao, and Dr. Vasudevan:

Abstract

Elucidating the interactions and dynamics of domain walls in ferroelectrics is critical

on both a fundamental level, for understanding interfacial dynamics in disordered

media, but also on a more practical level, as it can enable engineering of new

metastable states with novel properties. Piezoresponse force microscopy (PFM)

enables both imaging and writing of ferroelectric domain walls via a biased scanning

probe. However, control over positioning of individual domain wall segments to

engineer domain wall structures over large areas reproducibly remains challenging.

Here, we present an experimental workflow via autonomous PFM that enables

automated data collection of domain walls interacting with defects in prototypical

(110) PbT iO3 thin films. These data are used to construct physics-informed surrogate

models of local domain wall response in response to applied electric fields by the

PFM tip and are verified using phase-field simulations. The surrogate enables

generation of ‘phase diagrams’ of the domain wall, conditional on initial structure, and

highlights the importance of domain wall pinning and elastic effects on repeated wall

modification attempts. Subsequently, reinforcement learning is used to optimize tip-

modification trajectories for obtaining desired domain wall structures in simulated

environments utilizing the surrogate model for the environment dynamics. This

workflow shows how automated data collection and autonomous agents can be

orchestrated towards realizing domain wall manipulations with precision in scanning

probe studies, and how such surrogates can aid in understanding domain wall-defect

interactions in ferroelectrics.
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4.1 Introduction

Domain walls in ferroelectric and ferroelastic materials have garnered attention

recently as standalone elements within the bulk material with unique static and

dynamic properties Meier and Selbach (2022). By virtue of being topological defects

within the order parameter field Mermin (1979), they possess different symmetry

to the bulk they inhabit, as they must span degenerate polarization variants.

Additionally, due to ferroelastic coupling, they are typically extremely thin, possessing

high elastic energy Yang et al. (1999), and can be charged Vul et al. (1973), with

possible changes in electronic band structure at the wall Seidel et al. (2009), and even

their own phase transitions and 1-D defects Nataf et al. (2020). Such phenomena

can lead to interesting properties, including changes in AC and DC conductance

compared with the bulk Meier and Selbach (2022); Vasudevan et al. (2013); Schultheiß

et al. (2022); Tselev et al. (2016), significant contributions to static permittivity Xu

et al. (2014), large extrinsic contributions to the piezo- and dielectric coefficients of

ferroelectric ceramicsXu et al. (2001); Li et al. (1993) and changes to opto-mechanical

(e.g., photostrictive Rubio-Marcos et al. (2023)) behaviors. Given the breadth of

possible novel properties that can be realized at ferroic domain walls, and the fact

that it is possible to write domain patterns, inject domain walls Whyte et al. (2014),

and control polarization orientation with the scanning probe of an atomic force

microscope Balke et al. (2009), this has led towards whole new areas of domain wall

engineering and domain wall nanoelectronics Catalan et al. (2012), seeking to tailor

these properties for desired materials applications.

The engineering of domain walls and topological defects with the SPM probe has

been ongoing for more than two decades, with early work exploring simple domain

poling and observations of events such as the pinning of written ferroelectric domain

walls by interfaces Ganpule et al. (2002); Harnagea (2001) as well as the occurrence

of faceting Ganpule et al. (2001) and aging effects Shvartsman et al. (2005). The

ability to pattern more in-plane polarization orientations was opened up by several
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studies that showed how the tip-induced electric field’s radial symmetry could be

broken, either by motion, as demonstrated for instance by Balke et al. (2009) to write

more complex topological patterns with the SPM tip, or by pre-existing defects,

e.g. by Vasudevan et al. (2011), who used pulsing at domain walls to produce

novel topological defect states. Device-level methods were also discovered, including

strategies to “inject” domain walls into ferroelectric devices for memory applications

which were explored via Whyte et al. (2014), while McGilly et al. (2015) utilized

resistive Pt electrodes to enable writing of domain walls into capacitor structures,

with the goal of forming circuitry. Many more studies through the years have explored

other methods of tip-based writing of ferroelectric domain walls and more complex

domain configurations Kim et al. (2019); Li et al. (2017, 2022b); Damodaran et al.

(2017); Chen et al. (2019).

In all cases, the tip follows a user-defined (implicit, e.g., via masks, or explicit)

trajectory, and voltage is applied to the tip for specific moments to induce changes

in the underlying domain structure. However, this procedure requires human

interventions to determine the correct locations to position the tip, and the right

values of the excitation pulse to apply to facilitate the desired domain structure

modification. This comprises a sequential decision-making task that is conditional

on the pre-existing domain structure, the existence of defects, and the current state

of the SPM tip, along with the type of domain wall itself, all of which can change

spatially, temporally, or both.

It should be noted that the response of domain walls to applied electric potentials

has been well studied not only experimentally, but also through a variety of different

theoretical means. Numerous works have explored the problem in both pristine

Aravind et al. (2010) and defect settings Yang et al. (1999); Kalinin et al. (2007)

for example analytically with Landau theory, or through numerical solutions via

phase-field methods Chen (2008) and even reactive force fields Akbarian et al. (2019),

exploring everything from the impact of pre-existing domain walls on switching Jesse

et al. (2008), switching in the vicinity of grain boundaries Rodriguez et al. (2009) and
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individual defects Kalinin et al. (2008), to ferroelastic wall deformations Anbusathaiah

et al. (2010) and switching of hierarchical domain patterns Ivry et al. (2012). However,

to date, the models used are generally compared semi-quantitatively (at best) with

experimental observations in piezoresponse force microscopy, largely due to unknowns

in tip condition, presence of defects, etc. In order to facilitate appropriate predictions

to guide decision-making for autonomous domain wall engineering in ferroelectrics

via SPM, what is needed is a reliable model that can predict changes to domain

wall structure for arbitrary applications of applied voltages. Such a model could

then be used within existing machine learning algorithms for sequential planning and

decision-making tasks, such as reinforcement learning (RL), to create agents that can

autonomously create and measure novel domain wall patterns in ferroelectrics. In the

process, the surrogate model generated can be interrogated for yielding insights into

the dynamics of domain walls within the sample.

Here, we present such a workflow towards achieving autonomous domain wall

manipulations, showcasing the ability to automatically manipulate domain walls in a

prototypical (110) PbT iO3 thin film, develop a physics-informed dynamics model

from the ensuing data, and then use this model to both better understand wall

displacements in the sample, as well as train RL agents to develop strategies for wall

manipulation to achieve desired outcomes. We verify our physics-informed model with

phase-field simulations, and find qualitative agreement on wall displacement profiles,

and further note the ability to construct functional ‘phase diagrams’ of wall structure

as a function of input actions.

4.2 Overall workflow

The overall workflow is illustrated in Figure 4.1(a). The experiments are performed

with a commercial AFM system (Oxford instruments, Cypher) with a Pt/Ir coated

AFM tip (BudgetSensors) on a 200nm-thick PbT iO3 thin film grown on (110)-oriented

SrT iO3 with a small buffer layer (electrode) of La0.7Sr0.3MnO3. We begin by imaging
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a virgin region and then poling a domain wall in the film, by applying, alternately,

-8V and +8V to the AFM tip while scanning, on the left and right side, with the

sample grounded through the bottom LSMO electrode. The sample is then imaged

again, either with single frequency or band-excitation piezoresponse force microscopy

(PFM), and then the position of the written domain wall in the image is extracted

from the PFM phase image. This generates the ‘initial’ state of the system which

consists of a single written domain wall through the middle of image. Although the

written wall is nominally a 180° domain wall, given the (110) orientation of the film,

this means there are both vertical and lateral changes to polarization across this wall.

The tip is then moved to a random location along this domain wall, and then a

bias pulse is applied. The bias parameters are random, uniformly sampling in the

interval (-10,10) V for the voltage amplitude, and (50,500)ms for the pulse width.

The sample is then imaged again with PFM. This sequence (image, action, image) is

repeated a set number of times until the wall is reset, i.e., until the wall is rewritten in

the original configuration. Note that in our dataset, we collected one dataset where

the reset frequency was 10, i.e., every ten actions, the wall would be rewritten, as

well as a second dataset where there was no resetting applied. These transitions are

stored and then used subsequently to train a dynamics model, which is used as the

basis for a reinforcement learning environment that enables agents to learn how to

modify domain walls in the system towards desired morphologies.

This experimental procedure is coded with python into a Jupyter notebook, which

communicates to an FPGA device ( Figure 4.1(b)) that then executes the workflow

steps on the microscope. Details of the FPGA device operation will be provided

elsewhere, but essentially, this acts as an alternate controller for the microscope

enabling customized scan paths and excitations to be applied and controlled via

python scripts. An example of the initial image, the bias pulse location and

parameters, and the result of the bias pulse, are shown in Figure 4.1(c). It is observed

that applying voltages above a certain threshold produces wall displacements, as

expected. Although the wall writing procedure produces nominally a 180°domain
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wall in these films, with both vertical and lateral components to the polarization;

however, we are only probing the vertical PFM signal for simplicity. Note also that

numerous ‘needle’ domains can be seen in the vicinity of the written wall.

4.3 Dynamics Model

Our experiment provided us with 801 usable transitions, i.e., circumstances where the

imaging quality was sufficient for use. We developed a dynamics model to predict the

displacement of domain walls structures when bias pulses are applied via PFM. The

workflow of the dynamics (aka surrogate) model is provided in Figure 4.2. PFM is

used to generate training data for the model that contains sequences of images, and

their corresponding actions. Each image is represented by a 128x128 pixel array from

which a 128-pixel length 1-D domain wall vector St is extracted. Actions are given

by three continuous normalized values that correspond to bias location, voltage, and

pulse width in that order. Since the wall displacement mostly occurs in the section

of the wall around where the bias was applied, the dynamics model only predicts

displacements for the wall in these local regions. Therefore, the first action value

(the one that corresponds to the location of the bias pulse) is thus used to index

the local region of the domain wall. Around the location bias is applied, a local

region of the wall is extracted as a 14-pixel length vector, represented by S ′
t in Figure

4.2. The inputs to the surrogate model are the local region S ′
t as well as the voltage

and pulse width applied. Using these inputs, a neural network with two branches

works to predict the displacement for the domain wall in the local region. The first

branch takes the domain wall configuration, i.e., S ′
t, while the second branch takes

the bias amplitude and pulse width as inputs, and both contain only dense layers.

These branches are subsequently concatenated before being passed through two more

dense layers to obtain the output. The predicted displacements in local region S ′
t+1

can then be added to the original entire wall structure to generate St+1. Because

images are also captured immediately following when the bias is applied, our model’s
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Figure 4.1: (a) Overall workflow combining experiments with computation. The
images (from which states are derived) are in green; actions are in red. (b) A Jupyter
notebook with code cells is used to communicate to a home-built program running
on an FPGA, that an enables instrument control with fast inputs and outputs for
automated experiments. (c) Example image collected with this workflow, with the
original image above and the bias details and location indicated by the white circle.
After applying the bias pulse, the sample is reimaged, and clearly shows a displaced
domain wall at the location of pulsing.
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predicted domain wall structures can be compared to the actual, observed domain

wall structures. This allows the dynamics model to be trained through a supervised

learning method, with a traditional loss function such as mean squared error (MSE).

4.3.1 Physics based loss function

Due to the limited data available, we found it was necessary to introduce two

additional regularizations into the loss function to prevent over-fitting and retain

reasonable predictions in accordance with known or postulated physics of the system.

We introduced two additional regularizers to the loss function for the dynamics model.

The first additional term we add to the loss function is a term that emphasizes

the agreement of the prediction with known local physics. In this experiment, the

direction of displacement for the domain wall should align with the sign of the voltage

for the bias that was applied. When this is not the case and the surrogate model’s

predictions do not agree with this physical prior, such predictions should be penalized.

Therefore, for any pixels in S ′
t+1 whose direction of displacement is opposite the sign

(+/-) for the magnitude of the voltage amplitude applied, a penalty coefficient is

multiplied to the difference between the observed and predicted wall locations. The

mean-squared-error of S ′
t+1 is then calculated using this penalty to determine the total

loss for S ′
t+1 which our dynamics model then attempts to minimize in its displacement

predictions.

Additionally, we add an additional ‘global’ physics loss which is based on the

expectation that the magnitude of displacement of the surrogate model should be

monotonic for both the bias voltage and pulse width values. It should be noted that

the increased displacement with increased voltage is consistently observed in the raw

data. However, the same was not true for pulse width, potentially due to changes

in tip condition or other latent variables. To account for this, we implement an

additional term into the loss function that acts to promote the monotonicity of the

dynamics model with respect to pulse width. During training, for each transition, we
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also sample across the action space of pulse widths to make additional predictions. We

then compare the predicted area displaced for each pulse width and add a penalty

when the area does not either remain constant or increase for longer pulse widths

i.e., when monotonicity is not observed. This loss function acts as a regularization

term to help ensure that known physical trends are implemented into the dynamics

(surrogate) model. In total, the loss function can be written as

L =
1

n

∑
(y − ŷ)2 + Clocal(

1

n

∑
(y − ŷ)2) + Lglobal (4.1)

Clocal =

1 sign(V ) ̸= sign(ŷ)

0 otherwise

Lglobal =


1

s

∫ n

0

fk(y) <

∫ n

0

fk−1(y)

0 otherwise

where y is the actual domain wall position, ŷ is the predicted position, and s is

the training step number.

4.3.2 Dynamics model results

The dynamics model enables domain wall displacement prediction to be made for

arbitrary wall shapes as well as arbitrary pulse amplitudes and pulse widths. As a

point of comparison, we turned to physics-based modeling, i.e., phase field simulations

for an understanding of how this system would behave for a few different bias

parameters.

The results of the simulation are shown in Figure 4.3 (left) with the domain

structure after 3.25V are applied shown in Figure 4.3(a) (right). Specifically, we start

with a ground state of the (110) PTO thin film and then apply voltage to the AFM

tip when it is placed at a pre-existing domain wall. This causes a large bulge in the

domain wall which increases in size with increasing pulse voltage (Figure 4.3(a)).
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Figure 4.2: Overall workflow of the surrogate model. Domain wall structures are
extracted from PFM images. Using these structures and bias pulse information, the
model predicts the displacement of the domain wall in the region around where bias
was applied. Dense layers for the S ′

t branch contain 512, 256, and 256 nodes for each
layer in order. For the action branch all layers have 256 nodes. After branches are
concatenated, the dense layers contain 512 and then 256 nodes respectively.

Figure 4.3: Predicted displacements for local domain wall regions using the phase
field simulations sampled across a range of voltages and pulse widths. Displacements
predicted for a ground-state wall are provided in (a) and the displacements from a
wall already pushed in the positive direction are shown in (b). The domains’ structure
modeled by the phase field model after bias application is shown on the diagrams on
the right-hand side. For (b), even a very small (-0.65V) pulse is sufficient to flatten
the wall from a bulged state.
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The predictions from our data-driven dynamics model are shown in Figure 4.4.

The comparison with our dynamics model is shown in the right columns in Figure

4.4(a), which shows how the wall displaces from an initial flat profile after different

bias voltages. Overall, we observe the maximum displacement increasing as the

magnitude of voltage and pulse width increases as would be expected, though there

is some discrepancy at higher voltage ranges. Low voltages also seem to not cause

significant displacement, i.e. there is some pinning. The ‘phase diagram’ of the

domain wall displacement as a function of the voltages and pulse widths is shown in

the far-right column of Figure 4.4 and indicates (in general) increasing domain wall

displacements towards higher voltages and pulse widths as would be expected.

At the same time, the dynamics model allows us to explore the reaction of the

domain wall in arbitrary configurations, i.e., to investigate the state dependence. As

a simple example, consider the circumstance when the domain wall is already bulged:

one would expect a very different response to repeated pulsing in this state, given

that the wall configuration is likely already very energetically unfavorable given it

will prefer to be flat and reduce elastic energy. This circumstance is modeled in

the phase-field simulations in Figure 4.3(b) and indicates that when starting with

a positive displacement, increasing the positive voltage still does increase the wall

displacement in the positive direction, but critically, applying negative bias to this

situation very quickly returns the wall to a flat position, even for very low voltages,

as seen in Figure 4.3(b). That is, there is an asymmetry where further growth is more

difficult, whereas returning to a flat profile is more energetically favorable and occurs

for lower voltages. This is also seen in the data-driven dynamics model, in Figure

4.4(b), and particularly in the ‘phase diagram’ on the right with brighter colors on

the left side of the diagram indicating more propensity to quickly shift the wall to

the negative direction, and darker colors on the right indicating resistance to further

bulging the wall in the positive direction. These insights suggest that this method can

be effectively used to explore the dependence of domain wall dynamics on the existing
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domain wall configuration, providing another method for domain wall investigations

via PFM and automated experiments.

4.4 Reinforcement Learning Environment

It is also possible to utilize the learned dynamics model as the basis for a reinforcement

learning environment to train agents to manipulate domain wall structures in-silico.

Notably, such a scenario would be prohibitively expensive with traditional phase-field

methods, given that RL typically requires thousands to millions of state transitions

for learning policies on meaningful tasks. Note also that while the surrogate model

only acts in a local region, we integrate the model into an environment for the entire

domain wall. Using this environment, we can then apply RL to learn policies for how

to iteratively apply biases to alter the domain wall towards a target structure.

To learn policies to control the domain wall structure, we employ an Advantage

Actor-Critic (A2C) RL algorithm as shown in Fig. 5. The A2C algorithm contains

two networks: an actor and a critic network to learn through interactions with the

environment as described by Mnih et al. (2016). The A2C algorithm takes in the state

for the entire domain wall structure, St, and the actor network chooses an action. The

chosen action is then applied to the environment which uses the dynamics model to

output the updated state of the domain wall and the return of the reward function.

The environment’s reward function is calculated by the negative mean-squared error

between the current wall structure and a pre-defined target wall structure. Based on

the reward returned by the environment, the critic network indicates the value of the

action in that state, and the actor adjusts its policy based on this feedback from the

critic. More specifically, the critic calculates the advantage of each action taken. The

advantage refers to difference in estimated value for the chosen action in each state

compared to the average value of all possible actions that could be taken in that state

this is detailed by Peng et al. (2018). As the wall structure moves closer to the target

wall by applying biases, the reward function approaches 0. The algorithm attempts
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Figure 4.4: Predicted displacements for local domain wall regions using
the dynamics model, sampled across the range of voltages and pulse widths.
Displacements predicted for a relatively flat wall are provided in (a) and the
displacements from a wall already pushed in the positive direction are shown in (b).
the considerable difference between the two shows that conditional on the current wall
structure, the expected displacements vary significantly, likely due to elastic energy
penalties of the already displaced wall.
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to maximize rewards which, in this case, is the least negative reward that indicates

that the wall positions in St are closest to the ideal wall structure.

When training the RL policies there are several different environmental hyper-

parameters and training methods available to modify. In the environment, it is

straightforward to modify the target wall structure and the number of steps available

to the agent in any episode before the simulation resets. Additionally, the initial

starting wall configuration can be changed to so that the policy must learn to act

appropriately for different wall structures. The rewards can either be calculated after

each step or just based on the final wall structure, after all steps have been taken

in each simulation. Our policy is trained using either the traditional policy gradient

(A2C) approach, or in some cases, the Stein Variational Policy Gradient (SVPG)

method introduced by Liu et al. (2017). SVPG allows for simultaneous training of

multiple policies modeled as a distribution of policy parameters and has shown to

have start of the art performance for continuous control problems. Within SVPG

optimization, a hyperparameter exists called ‘temperature’ that can be changed to

control the amount of policy exploration compared to exploitation in the parameter

space. Using SVPG optimization methods, we train policies on an NVidia DGX-2

server utilizing one Tesla V-100 GPU.

4.4.1 Reinforcement Learning Results

We train policies for multiple target wall structures and number of pulses that can be

applied. First, the simulations begin with a relatively flat wall and using an RL policy,

actions are taken to move the wall towards the target wall structure. An example

of the resulting domain wall structure and actions chosen by the policy are shown

in Figure 4.6(a). We observe the agent learns to take actions in regions where the

ideal wall is further away from the original wall (i.e., where rewards can increase most

significantly). As shown in Figure 4.6(a), we see that the agents learn to repeatedly
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Figure 4.5: Overall design of the A2C model. The actor chooses the location,
voltage, and pulse width that bias is applied, and the environment employs the
surrogate model to predict the updated domain wall structure. The environment
returns rewards to the A2C model, and the critic calculates the advantage to update
the policies.
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take actions in adjacent locations to iteratively move the entire domain wall structure

closer to the target wall.

To illustrate that the agent can learn state dependent actions, instead of each

simulation beginning with a flat wall, for the simulation in Figure 4.6(b), 20 random

actions are first applied to a flat domain wall structure. By randomizing the initial

structure, this demonstrates that our policy is not simply memorizing to take actions

in a particular region of the domain wall. In this case, the RL policy is not trained

with a consistent starting structure and the policy must be more flexible to properly

shift the domain wall. Additionally, in Figure 4.6(a) voltages were limited to just

the positive range, but in Figure 4.6(b) negative voltages are also included in the

range. Thus, policies learned as in Figure 4.6(b) are more indicative of the utility

of our RL algorithm for its ability to take actions based on the current state of the

wall. In practice, there are infinitely many initial wall configurations and thus each

policy should choose actions differently based on the current structure of the wall.

For instance, in Figure 4.6(b) for the section of wall on the far right, the initial

wall happened to be displaced downwards during initialization. However, our policy

seemingly recognized that significant rewards could be gained in this area, and as

such it selected multiple biases to be applied in this local region to move it towards

the ideal wall structure.

While the examples provided in Figure 4.6 do not appear to select a ‘perfect’

sequence of actions, both select actions that successfully increase the rewards in the

environment. These examples show that effective policies can be learned for a different

number of steps, ideal wall structures, and initial wall configurations.

4.5 Conclusions

Our work has shown that RL could potentially be used to control PFM to automate

the alteration of ferroelectric domain walls. Using PFM image data, we successfully

trained a dynamics model to predict the displacement of domain walls for different
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Figure 4.6: The final domain wall structures are shown after each RL policy is
applied for the target wall structures represented by the red dashed line are shown
on the left. In the plots on the left, the points along the X-axis indicate the locations
selected by our policies and on the right, the magnitude of selected actions for both
voltage and pulse width are shown. Actions are color coded by the order in which
they were selected. In (a) the simulation started with a flat wall and in (b) the wall
was displaced randomly prior to the simulation.

84



pulses. Then, with a dynamics model, we were able to train RL agents to learn

policies to select action that move the domain wall towards a particular structure.

There still exist challenges to fully integrate RL automation for domain wall

alteration using PFM. Currently, the dynamics model only predicts the 1-D structure

of the domain wall. While we can encode information for the areas surrounding the

domain wall from PFM images when making predictions, the model itself would have

to predict the entire 2-D image for RL policies to be implemented directly. This type

of prediction is not feasible due to the limited data currently available. However, it

may be possible with many more image transitions, potentially with methods such as

fast scanning via compressive sensing approaches Kelley et al. (2020). Interestingly,

our data was captured on two different instruments (albeit of the same make and

model) with different tips on different days, but this did not seem to introduce a

level of distribution shift that severely impacted the learning process of the dynamics

model. Should this be a problem, one strategy to counter it may be to learn a simple

linear model that maps the applied potentials in previous data to applied potentials in

the new data that minimizes the discrepancy between the predictions. This is under

the assumption that the major tip change will be to affect the applied potential, but

not the shape of the domains themselves.

Moreover, ideally one would use the phase-field simulations directly as the

physics regularizer, using methods such as structured Gaussian processes, rather than

incorporating additional loss terms that are ad-hoc defined and may not always be

suitable depending on the circumstance. At the same time, the dynamics model

learned provides significant insight into the dynamics of domain walls in a state-

dependent way that is difficult to recover from more traditional PFM spectroscopic

methods, and as such can be convenient for investigating ‘domain wall phase

diagrams’. Finally, this approach could be used to optimize for specific properties of

the material rather than the specific structure of the domain wall itself, i.e., to solve

the inverse design problem of maximizing e.g., photoconductance of domain walls

by trialing different wall configurations that maximize the photoconductance reward
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given to the agent, as opposed to rewarding the generation of a specific structure per

se.
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Alomran, F., Alayed, K., Alsheef, M., AlSumait, F., et al. (2021). Effectiveness of

therapeutic heparin versus prophylactic heparin on death, mechanical ventilation,

or intensive care unit admission in moderately ill patients with covid-19 admitted

to hospital: Rapid randomised clinical trial. bmj, 375. 28

Shome, D., Kar, T., Mohanty, S. N., Tiwari, P., Muhammad, K., AlTameem, A.,

Zhang, Y., and Saudagar, A. K. J. (2021). Covid-transformer: Interpretable covid-

19 detection using vision transformer for healthcare. International Journal of

Environmental Research and Public Health, 18(21):11086. 60

Shvartsman, V., Kholkin, A., Verdier, C., Yong, Z., and Lupascu, D. (2005).

Investigation of fatigue mechanism in ferroelectric ceramic via piezoresponse force

microscopy. Journal of the European Ceramic Society, 25(12):2559–2561. 69

Smith, B., Van Steelandt, S., and Khojandi, A. (2023). Evaluating the impact of

health care data completeness for deep generative models. Methods of Information

in Medicine. iii

Sterne, J. A., White, I. R., Carlin, J. B., Spratt, M., Royston, P., Kenward, M. G.,

Wood, A. M., and Carpenter, J. R. (2009). Multiple imputation for missing data

in epidemiological and clinical research: potential and pitfalls. Bmj, 338. 14, 23

Suo, Q., Zhong, W., Ma, F., Yuan, Y., Gao, J., and Zhang, A. (2019). Metric learning

on healthcare data with incomplete modalities. In IJCAI, pages 3534–3540. 60

Sutton, R. S. and Barto, A. G. (2018). Reinforcement Learning: An Introduction.

The MIT Press, second edition. 5, 29, 33

108



Swazinna, P., Udluft, S., and Runkler, T. (2021). Overcoming model bias for

robust offline deep reinforcement learning. Engineering Applications of Artificial

Intelligence, 104:104366. 10, 20, 23

Syn, N. L., Wong, A. L.-A., Lee, S.-C., Teoh, H.-L., Yip, J. W. L., Seet, R. C., Yeo,

W. T., Kristanto, W., Bee, P.-C., Poon, L., et al. (2018). Genotype-guided versus

traditional clinical dosing of warfarin in patients of asian ancestry: a randomized

controlled trial. BMC medicine, 16(1):1–10. 4, 12

Tang, S., Modi, A., Sjoding, M. W., and Wiens, J. (2020). Clinician-in-the-loop

decision making: Reinforcement learning with near-optimal set-valued policies.

CoRR, abs/2007.12678. 8, 11, 21, 23

Tanniou, J., Van Der Tweel, I., Teerenstra, S., and Roes, K. C. (2016). Subgroup

analyses in confirmatory clinical trials: time to be specific about their purposes.

BMC medical research methodology, 16(1):1–15. 11, 13, 23

Torfi, A. and Fox, E. A. (2020). Cor-gan: Correlation-capturing convolutional neural

networks for generating synthetic healthcare records. 58

Toulon, P., Smahi, M., and De Pooter, N. (2021). Aptt therapeutic range for

monitoring unfractionated heparin therapy. significant impact of the anti-xa reagent

used for correlation. Journal of Thrombosis and Haemostasis, 19(8):2002–2006. 28

Tselev, A., Yu, P., Cao, Y., Dedon, L. R., Martin, L. W., Kalinin, S. V., and

Maksymovych, P. (2016). Microwave ac conductivity of domain walls in ferroelectric

thin films. Nature communications, 7(1):11630. 69

Van Hasselt, H., Guez, A., and Silver, D. (2016). Deep reinforcement learning with

double q-learning. In Proceedings of the AAAI conference on artificial intelligence,

volume 30. 41

109



Vasudevan, R. K., Chen, Y.-C., Tai, H.-H., Balke, N., Wu, P., Bhattacharya, S., Chen,

L.-Q., Chu, Y.-H., Lin, I.-N., Kalinin, S. V., et al. (2011). Exploring topological

defects in epitaxial bifeo3 thin films. Acs Nano, 5(2):879–887. 70

Vasudevan, R. K., Wu, W., Guest, J. R., Baddorf, A. P., Morozovska, A. N., Eliseev,

E. A., Balke, N., Nagarajan, V., Maksymovych, P., and Kalinin, S. V. (2013).

Domain wall conduction and polarization-mediated transport in ferroelectrics.

Advanced Functional Materials, 23(20):2592–2616. 69

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser,

 L., and Polosukhin, I. (2017). Attention is all you need. Advances in neural

information processing systems, 30. 55

Vincent, R. (2014). Reinforcement learning in models of adaptive medical treatment

strategies. 13, 23

Vul, B., Guro, G., and Ivanchik, I. (1973). Encountering domains in ferroelectrics.

Ferroelectrics, 6(1):29–31. 69

Vyas, D. A., Eisenstein, L. G., and Jones, D. S. (2020). Hidden in plain

sight—reconsidering the use of race correction in clinical algorithms. 8, 12

Walker, A. M. and Jick, H. (1980). Predictors of bleeding during heparin therapy.

Jama, 244(11):1209–1212. 29

Wang, X., Lyu, Y., and Jing, L. (2020). Deep generative model for robust imbalance

classification. In Proceedings of the IEEE/CVF Conference on Computer Vision

and Pattern Recognition, pages 14124–14133. 55

Wang, Z., Myles, P., and Tucker, A. (2021). Generating and evaluating cross-sectional

synthetic electronic healthcare data: Preserving data utility and patient privacy.

Computational Intelligence, 37(2):819–851. 53

110



Watts, J., Khojandi, A., Vasudevan, R., and Ramdhani, R. (2020). Optimizing

individualized treatment planning for parkinson’s disease using deep reinforcement

learning. In 2020 42nd Annual International Conference of the IEEE Engineering

in Medicine Biology Society (EMBC), pages 5406–5409. 10, 30

Weiskopf, N. G., Hripcsak, G., Swaminathan, S., and Weng, C. (2013). Defining and

measuring completeness of electronic health records for secondary use. Journal of

biomedical informatics, 46(5):830–836. 53, 55

Wen, M., Bastani, O., and Topcu, U. (2021). Algorithms for fairness in sequential

decision making. In International Conference on Artificial Intelligence and

Statistics, pages 1144–1152. PMLR. 18, 23

Weng, W., Gao, M., He, Z., Yan, S., and Szolovits, P. (2017). Representation and

reinforcement learning for personalized glycemic control in septic patients. CoRR,

abs/1712.00654. 8

Whittle, J., Conigliaro, J., Good, C., and Lofgren, R. P. (1993). Racial differences in

the use of invasive cardiovascular procedures in the department of veterans affairs

medical system. New England Journal of Medicine, 329(9):621–627. 11, 23

Whyte, J. R., McQuaid, R. G., Sharma, P., Canalias, C., Scott, J. F., Gruverman, A.,

and Gregg, J. M. (2014). Ferroelectric domain wall injection. Advanced Materials,

26(2):293–298. 69, 70

Wilson, S. J.-A., Wilbur, K., Burton, E., and Anderson, D. R. (2001). Effect

of patient weight on the anticoagulant response to adjusted therapeutic dosage

of low-molecular-weight heparin for the treatment ofvenous thromboembolism.

Pathophysiology of Haemostasis and Thrombosis, 31(1):42–48. 36

Wong, E. S., Yoon, J., Piegari, R. I., Rosland, A.-M. M., Fihn, S. D., and Chang,

E. T. (2018). Identifying latent subgroups of high-risk patients using risk score

trajectories. Journal of general internal medicine, 33(12):2120–2126. 16, 23

111



Wright, A., McCoy, A. B., Hickman, T.-T. T., Hilaire, D. S., Borbolla, D., Bowes III,

W. A., Dixon, W. G., Dorr, D. A., Krall, M., Malholtra, S., et al. (2015). Problem

list completeness in electronic health records: a multi-site study and assessment of

success factors. International journal of medical informatics, 84(10):784–790. 54,

55

Wu, J., Roy, J., and Stewart, W. F. (2010). Prediction modeling using ehr data:

challenges, strategies, and a comparison of machine learning approaches. Medical

care, pages S106–S113. 6

Xu, F., Trolier-McKinstry, S., Ren, W., Xu, B., Xie, Z.-L., and Hemker, K.

(2001). Domain wall motion and its contribution to the dielectric and piezoelectric

properties of lead zirconate titanate films. Journal of Applied Physics, 89(2):1336–

1348. 69

Xu, L., Zeng, X., Li, W., and Bai, L. (2021). Idhashgan: Deep hashing with generative

adversarial nets for incomplete data retrieval. IEEE Transactions on Multimedia,

24:534–545. 56

Xu, R., Karthik, J., Damodaran, A. R., and Martin, L. W. (2014). Stationary domain

wall contribution to enhanced ferroelectric susceptibility. Nature communications,

5(1):3120. 69

Yang, J., Petersen, B. K., Zha, H., and Faissol, D. M. (2019). Single episode policy

transfer in reinforcement learning. CoRR, abs/1910.07719. 19, 23, 24

Yang, J., Soltan, A. A., and Clifton, D. A. (2022a). Algorithmic fairness and bias

mitigation for clinical machine learning: A new utility for deep reinforcement

learning. medRxiv. 18, 19, 23

Yang, T., Gopalan, V., Swart, P., and Mohideen, U. (1999). Direct observation of

pinning and bowing of a single ferroelectric domain wall. Physical review letters,

82(20):4106. 69, 70

112



Yang, Z., Tian, Y., Zhou, T., Zhu, Y., Zhang, P., Chen, J., and Li, J. (2022b).

Optimization of dry weight assessment in hemodialysis patients via reinforcement

learning. IEEE Journal of Biomedical and Health Informatics, 26(10):4880–4891.

40

Yao, J., Killian, T., Konidaris, G., and Doshi-Velez, F. (2018). Direct policy transfer

via hidden parameter markov decision processes. In LLARLA Workshop, FAIM,

volume 2018. 19, 23, 24

Yu, C., Liu, J., Nemati, S., and Yin, G. (2021). Reinforcement learning in healthcare:

A survey. ACM Comput. Surv., 55(1). 5, 21, 28, 29

Zeng, X., Linwood, S. L., and Liu, C. (2022). Pretrained transformer framework on

pediatric claims data for population specific tasks. Scientific Reports, 12(1):1–13.

60

Zha, D., Lai, K.-H., Tan, Q., Ding, S., Zou, N., and Hu, X. B. (2022). Towards

automated imbalanced learning with deep hierarchical reinforcement learning.

In Proceedings of the 31st ACM International Conference on Information &

Knowledge Management, pages 2476–2485. 19

Zhang, S., Wen, L., Peng, H., and Tseng, H. E. (2021). Quick learner automated

vehicle adapting its roadmanship to varying traffic cultures with meta reinforcement

learning. CoRR, abs/2104.08876. 20, 23

Zhao, Y., Wong, Z. S.-Y., and Tsui, K. L. (2018). A framework of rebalancing

imbalanced healthcare data for rare events’ classification: A case of look-alike

sound-alike mix-up incident detection. 15, 23

Zhu, T., Li, K., Herrero, P., and Georgiou, P. (2021). Basal glucose control in type 1

diabetes using deep reinforcement learning: An in silico validation. IEEE Journal

of Biomedical and Health Informatics, 25(4):1223–1232. 30

113



Zhu, T., Lin, Y., and Liu, Y. (2020a). Oversampling for imbalanced time series data.

CoRR, abs/2004.06373. 15, 16, 22, 23

Zhu, Z., Lin, K., and Zhou, J. (2020b). Transfer learning in deep reinforcement

learning: A survey. CoRR, abs/2009.07888. 19, 24

114



Vita

Benjamin Smith graduated from the University of Tennessee: Chattanooga in 2020

with a Bachelor of Science in Physics: Biophysics. He received his degree with

departmental honors and graduate Cum Laude for his academic performance and

research thesis. He then began his Ph.D. in Data Science and Engineering through

the Bredesen Center for Interdiciplinary Research and Graduate Education at the

University of Tennessee: Knoxville, graduating (hopefully) in 2023. His doctoral

research focused on applications of reinforcement learning in healthcare and materials

science. His research explores the use of reinforcement learning for heparin treatments

as well as for materials science applications such as in ferroelectric domain wall control.

115


	Front Matter
	Title
	Acknowledgements
	Abstract

	Table of Contents
	1 Bias in Reinforcement Learning: A Review in Healthcare Applications
	1.1 Introduction
	1.2 Background
	1.2.1 RL Fundamentals
	1.2.2 Electronic Health Records (EHRs)
	1.2.3 RL in healthcare
	1.2.4 Challenges

	1.3 Literature Review
	1.3.1 Data Management in Statistical Learning to Reduce Bias
	1.3.2 Algorithm Design to Reduce Bias
	1.3.3 Clinical Implementation of Treatment Planning Models to Reduce Bias

	1.4 Conclusions

	2 Uncovering Bias in Reinforcement Learning for Heparin Treatment Planning
	2.1 Introduction
	2.1.1 Background
	2.1.2 Related Works

	2.2 Motivation
	2.3 Objectives and Contributions
	2.4 Methodology
	2.4.1 Dataset and Patient Cohorts
	2.4.2 RL Problem Formulation
	2.4.3 Evaluation

	2.5 Results
	2.5.1 Gender-based cohorts
	2.5.2 Weight-based cohorts

	2.6 Discussion
	2.7 Conclusions

	3 Evaluating the Impact of Healthcare Data Completeness for Deep Generative Models
	3.1 Introduction
	3.1.1 Motivation
	3.1.2 Objectives

	3.2 Methods
	3.2.1 Dataset Description
	3.2.2 Deep Generative Models
	3.2.3 Model Evaluation

	3.3 Results
	3.4 Discussion
	3.5 Conclusions

	4 Towards Automating Ferroelectric Domain Wall Control using Reinforcement Learning
	4.1 Introduction
	4.2 Overall workflow
	4.3 Dynamics Model
	4.3.1 Physics based loss function
	4.3.2 Dynamics model results

	4.4 Reinforcement Learning Environment
	4.4.1 Reinforcement Learning Results

	4.5 Conclusions

	Vita

