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Abstract

This research proposal addresses the challenges in providing effective
chronic pain care through a personalized, fair, and adaptive approach
using sequential decision-making. Chronic pain significantly impacts in-
dividuals’ well-being, necessitating tailored treatments. The proposal out-
lines three key concerns: personalization to account for patient variability,
fairness to address disparities in pain care, and adaptivity to accommo-
date changing factors influencing treatment efficacy over time. Leveraging
sequential decision-making algorithms, this study aims to devise solutions
for both stationary and non-stationary settings, encompassing two distinct
scenarios: firstly, when the characteristics of changes are known, and sec-
ondly, when they are not known. A distinctive feature of our study is
the consideration of delayed feedback, reflecting the real-life complexities
of chronic pain care, where treatment responses may take some time to
manifest. The evaluation plan includes simulation studies assessing util-
ity, personalization, fairness, adaptivity, and the utility-fairness trade-off,
contributing to the advancement of AI-driven chronic pain management.

1 Introduction and Related Work

Pain is an unpleasant sensation and emotional experience that leads to poor
quality of life for millions of people worldwide. Chronic pain syndrome is a
prevalent and increasingly common problem in many countries [Zimmer et al.,
2022]. Chronic pain, as indicated by a World Health Organization study, is
associated with a four-fold increase in the occurrence of depression or anxiety
[Slack, 2022]. Chronic pain frequently disrupts individuals’ capacity to focus,
eat, and sleep. Considering the significant impact of chronic pain on individu-
als and society, a variety of machine learning solutions have been proposed to
provide effective pain care. See Matsangidou et al. [2021] for a comprehensive
survey. In the following, we briefly describe the three major concerns related to
chronic pain care that we plan to address using machine learning techniques.

• Personalization. While there have been advancements in comprehend-
ing and treating chronic pain, providing effective pain care continues to
be a major problem. A significant challenge in effectively dealing with
chronic pain lies in the considerable variability among patients, both in
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their response to treatments and their susceptibility to adverse effects
[Ablin and Buskila, 2012]. This variability hampers the efficacy of generic
interventions, emphasizing the necessity for more personalized approaches
to address the intricate nature of chronic pain.

• Fairness. Zimmer et al. [2022] highlight inequalities in chronic pain syn-
dromes across various factors such as income and sex. In this proposal,
we focus our attention on inequalities in pain care with respect to sexual
orientation. It has been shown that sexes do not feel pain the same way
[Dance, 2019]. Furthermore, research has also shown that biases with re-
spect to gender and sex are exhibited and perpetuated while using machine
learning for healthcare. It has been seen that the design of the majority of
machine learning algorithms ignores the sex and gender dimension and its
contribution to health differences among individuals [Cirillo et al., 2020].
In particular, machine learning tools for healthcare that use unisex treat-
ments may disadvantage female patients [Straw and Wu, 2022].

• Adaptivity. Treating chronic pain also presents additional challenges due
to intrinsic or extrinsic factors that change over time such as physiologi-
cal changes [Gatchel et al., 2014], psychosocial factors [Turk and Gatchel,
2018] and environmental influences Karos et al. [2019]. This dynamic na-
ture of reaction to treatments can render a treatment approach effective at
one point but potentially ineffective in the future. Hence there is a critical
need to effectively detect the changes in the efficacy of treatments and re-
act to such changes by adapting the recommended treatment accordingly.
This non-stationary nature necessitates an adaptive framework for the de-
tection of changes in treatment efficacy and the subsequent adjustment in
the recommended treatment, if necessary.

Chronic pain care necessitates treatments over a long period of time taking
the feedback from patients into consideration. Thus the formulation of sequen-
tial decision making that can learn effectively from user feedback is suitable to
model chronic pain care. For example, Komorowski et al. [2018] used sequen-
tial decision making solutions to recommend personalized treatments that are
on average more reliable than human clinicians. Saria [2018] proposed sequen-
tial decision making solutions for individualized treatment strategies to correct
hypotension in Sepsis. Roggeveen et al. [2021] propose similar solutions for op-
timizing hemodynamic treatment for critically ill patients with Sepsis. As evi-
denced by these articles, the ability of sequential decision making algorithms to
learn effectively from user feedback makes them particularly suitable for making
personalized decisions. Moreover, studies have shown that sequential decision
making algorithms can make effective decisions even when the feedback changes
across time (see for example, our prior works Gajane et al. [2018], Auer et al.
[2019] and others such as Besbes et al. [2014], Luo et al. [2018]). As a survey
by Zhang and Liu [2021] shows, generic sequential decision making algorithms
have also proven effective in addressing fairness considerations. Accordingly,
we use the formulation of sequential decision making to model the problem of
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personalized, fair, and adaptive pain care. In our problem formulation, we con-
sider delayed feedback, which arrives in parts as reactions to treatments can be
delayed and spread over time. Moreover, it has been shown that assessments
that include delayed feedback contribute to more effective delivery of care in
the management of chronic pain [Dworkin et al., 2015, Turk and Okifuji, 2017].

The majority of past research on delayed feedback in sequential decision
making assumes that the entire reward of a decision is observed at once, either
after some bounded delay [Joulani et al., 2013, Mandel et al., 2015] or after
random delays from an unbounded distribution with finite expectation [Gael
et al., 2020, Vernade et al., 2017]. In our study, we consider the problem in
which the feedback of a decision is spread over an interval with a finite maximum
delay value. In our recent work, we studied a basic version of the problem
setting which did not include contextual information den Broek et al. [2023].
The same problem was also studied in Romano et al. [2022]. Since the problem
setting does not include contextual information, our solutions in den Broek et al.
[2023] and the solutions proposed in Romano et al. [2022] are inadequate for
the task of providing personalized solutions. In the context of fairness-aware
solutions, Huang et al. [2022] and Joseph et al. [2016] propose solutions to
achieve certain notions of fairness in personalized sequential decision making.
Unlike our proposal, these works assume that the feedback for each decision is
immediately available.

2 Problem Setting

We consider the problem setting of contextual bandits. This is a variant of the
classical multi-armed bandits problem and it has been used toward the goal of
personalized decision-making in many domains including healthcare. Accord-
ingly we consider the formulation of contextual bandits to provide personalized
treatment recommendations.

2.1 Stationary Setting : Response to Treatment Does Not
Change Across Time

At each step, the decision making system receives contextual information of a
patient. This information includes health-relevant attributes and the so-called
protected attributes such as gender and race. Discrimination based on these
protected attributes is prohibited by international legislation. On receiving
contextual information, the system chooses a treatment (i.e. an action) to
administer from the considered options for treatment. The patient response
to the administered treatment is given as a numerical value (i.e., a reward) to
the system. Rewards are typically bounded and a higher reward translates to
higher desirability of the associated action. In this context, the more successful
treatment is in pain care, the higher will be its reward. Since the results of these
treatments may take some time to manifest and may arrive in parts, we assume
that rewards are delayed and may arrive via partial rewards that are observed
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Figure 1: Decision Making for Pain Care

with different delays. The objective here is to learn effective treatments for
pain management i.e., learn to select actions that maximize obtained rewards
based on the context and received rewards. A representative view of the decision
making system is shown in Figure 1.

Since this is a stationary setting, we assume that the rewards of each treat-
ment are drawn from an unknown distribution that does not change with time.

2.2 Non-Stationary Setting : Response to Treatment Changes
Across Time

Here, we cannot make the stationarity assumption from the previous subsection
since the response to treatment changes across time. The changes could be
abrupt or gradual and we will formulate the problem with both these kinds of
changes. However, we expect that gradual changes will be more relevant to the
problem at hand.

Firstly, we plan to work with the assumption that some characteristics of the
changes are known to the algorithm. Then we will further extend the problem
setting by removing this assumption.

3 Research Tasks

3.1 Task 1 : Fair solutions for stationary setting

Here the goal is to devise fair solutions that can learn efficiently from delayed
feedback. One of the possible approaches to satisfy fairness could be to use a
target optimism term for each action. With each action, the algorithm considers
an optimism term indicating how close it will take the algorithm to a target set
by the given fairness criteria. To deal with delays, we could use extensions from
our approach in an analogous problem in den Broek et al. [2023].
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3.2 Task 2 : Adaptive fair solutions capable of reacting to
changes in response to treatments

Firstly, we plan to propose solutions in the case where some characteristics of
the changes are known to the algorithm. For these solutions, we will start with
the so-called sliding-window mechanism to handle changes. Similar mechanisms
have been effectively used to deal with changes in our prior work [Gajane, 2023,
Gajane et al., 2019, 2018], so we expect solutions using the sliding-window
mechanism to be effective for the problem at hand.

Next, we plan to propose solutions in the case where no characteristics of
the changes are known to the algorithm. I have prior experience in designing
effective solutions for analogous problems [Auer et al., 2019].

3.3 Task 3 : Evaluation of the proposed solution

As a primary evaluation, we propose to evaluate our solutions through simula-
tion studies on previous uses of AI for pain care such as Piette et al. [2022]. The
relevant dataset is publicly available under a Creative Commons Attribution 4.0
International licence at Piette [2022]

• Utility : The utility of our algorithms can be simply verified by comput-
ing the obtained cumulative reward. Higher cumulative rewards translate
to a more effective treatment for pain care. Below we describe a more
fine-grained verification of our solutions across the three desiderata – per-
sonalization, fairness, and adaptivity.

• Personalization : We plan to implement solutions from Romano et al.
[2022] and our work in den Broek et al. [2023] which will provide non-
personalized treatments. We will treat these implementations as a baseline
with the aim to study whether our proposed solutions lead to an increase
in personalization.

We will shortlist the cases for which recommended treatments by these so-
lutions and the recommended treatments by our proposed solutions differ.
We will see the difference in the obtained cumulative rewards for these
patients by the baseline and our proposed solutions respectively. For ex-
ample, if the following histogram shows the treatments suggested by the
baseline and our proposed solutions, we will study the cases shown in red
for this experiment. The reasoning behind excluding those cases where
either of the suggestions is ‘no treatment’ is that they are better counted
as mistakes one way or the other rather than missed opportunities for
personalization. This experiment will provide us with a more detailed un-
derstanding of whether and how our proposed solutions lead to an increase
in personalization.
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• Fairness : In this set of experiments, we divide the patients based on sex,
and test if the two groups receive fair treatment considering the following
measures which are recommended by medical experts [Rajkomar et al.,
2018].

– Equal outcomes – Equal outcomes refer to the assurance that pro-
tected groups have equal benefits in terms of patient outcomes. To
see if our proposed algorithm satisfies this measure, we will compare
the average reward received by the protected group and the average
reward received by the non-protected group.

– Equal performance – Equal performance refers to the assurance that
a model is equally accurate for patients in the protected group and
the non-protected group. To see if our proposed algorithm satisfies
this measure, we will compare false negative rates (the algorithm
recommended no treatment and the patients reported pain in the
corresponding feedback) and true negative rates (the algorithm rec-
ommended no treatment and the patients reported no pain in the
corresponding feedback). We will also compare the scenarios where
the patient reported pain despite being recommended a particular
treatment.

– (Proportionately) Equal allocation – Equal allocation ensures that
the resources are proportionately allocated to patients in the pro-
tected group. Here, we will compute the success rates for each treat-
ment for patients in the protected group and the non-protected group.
Then, we will verify if the allocation of each treatment is consistent
with the normalized success rate for the patients in the protected
group. This might uncover (and motivate us to avoid) situations
where a particular treatment has a high success rate for patients in
the protected groups and yet it is not proportionally allocated to
those patients.

– Trade-off between fairness and personalization – Here we aim to
quantify the trade-off between fairness and personalization. To un-
derstand this trade-off, consider the following scenario. Suppose a
member of the protected group prefers Treatment 1, however, the
fairness measure (e.g., proportionately equal allocation) requires that
they should be allocated Treatment 2. For the sake of simplicity, let
us assume that the expected probability of success of Treatment 1
and Treatment 2 for the concerned patient is the same. In such cases,
personalization and fairness measures like equal allocation can con-
flict. In this set of experiments, we plan to measure such conflicts.
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These results might influence the choice of fairness measures in the
future.

• Adaptivity – Firstly, we will test the performance of our algorithms
in situations where the characteristics of the changes are known to the
algorithm. For example, we could assume that (an upper bound on) the
total variation in the rewards is known to the algorithm. Next, we will test
the performance of our algorithms in situations where the characteristics
of the changes are not known to the algorithm. Here, we can also check
how quickly our algorithms can react to the changes.

• Utility-fairness trade-off – For the fairness measures described above,
rather than necessitating exact equality between the protected group and
the non-protected group, we can allow a small difference parameterized
by ϵ. We can use ϵ to regulate the algorithmic behavior and see how it
affects the utility. Since a decrease in ϵ translates to a fairer solution, this
set of experiments will help us characterize the utility-fairness trade-off.

4 Concluding Remarks

In summary, this research initiative tackles the intricate challenges of deliver-
ing effective chronic pain care by adopting a personalized, fair, and adaptive
approach through sequential decision-making. This comprehensive strategy ad-
dresses patient variability, disparities in pain care, and the evolving nature of
treatment efficacy. The planned evaluation, using simulation studies, is de-
signed to make a substantial contribution to the progress of AI-driven chronic
pain management. It aims to thoroughly assess utility, personalization, fairness,
adaptivity, and the trade-off between utility and fairness.
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