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Abstract

Dental disease is a prevalent chronic condition associated
with substantial financial burden, personal suffering, and in-
creased risk of systemic diseases. Despite widespread recom-
mendations for twice-daily tooth brushing, adherence to rec-
ommended oral self-care behaviors remains sub-optimal due
to factors such as forgetfulness and disengagement. To ad-
dress this, we developed Oralytics, a mHealth intervention
system designed to complement clinician-delivered preventa-
tive care for marginalized individuals at risk for dental dis-
ease. Oralytics incorporates an online reinforcement learning
algorithm to determine optimal times to deliver intervention
prompts that encourage oral self-care behaviors. We have de-
ployed Oralytics in a registered clinical trial. The deployment
required careful design to manage challenges specific to the
clinical trials setting in the U.S. In this paper, we (1) highlight
key design decisions of the RL algorithm that address these
challenges and (2) conduct a re-sampling analysis to evalu-
ate algorithm design decisions. A second phase (randomized
control trial) of Oralytics is planned to start in spring 2025.

1 Introduction

Dental disease is a prevalent chronic condition in the United
States with significant preventable morbidity and economic
impact (Benjamin 2010). Beyond its associated pain and
substantial treatment costs, dental disease is linked to sys-
temic health complications such as diabetes, cardiovascu-
lar disease, respiratory illness, stroke, and adverse birth out-
comes. To prevent dental disease, the American Dental As-
sociation recommends systematic, twice-a-day tooth brush-
ing for two minutes (American Dental Association 2024).
However, patient adherence to this simple regimen is often
compromised by factors such as forgetfulness and lack of
motivation (Chadwick, White, and Lader 2011; Yaacob et al.
2014).

mHealth interventions and tools can be leveraged to
prompt individuals to engage in high-quality oral self-care
behaviors (OSCB) between clinic visits. This work focuses
on Oralytics, a mHealth intervention designed to improve
OSCB for individuals at risk for dental disease. The inter-
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vention involves (i) a Bluetooth-enabled toothbrush to col-
lect sensor data on an individual’s brushing quality, and (ii)
a smartphone application (app) to deliver treatments (Fig-
ure 1), one of which is prompts to encourage individuals
to remain engaged in improving their OSCB. Oralytics in-
cludes multiple intervention components one of which is an
online reinforcement learning (RL) algorithm which is used
to learn, online, a policy specifying when it is most useful
to deliver engagement prompts. The algorithm should avoid
excessive burden and habituation by only sending prompts
at times they are likely to be effective. Before integrating a
mHealth intervention into broader healthcare programs, the
effectiveness of the intervention is deployed and tested in
a clinical trial. However, the clinical trial setting introduces
unique challenges for the design and deployment of online
RL algorithms as part of the intervention.
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Figure 1: The Oralytics mHealth intervention facilitates
high-quality oral self-care behaviors (OSCB) through en-
gagement prompts (e.g., encouraging individuals to monitor
their brushing behavior and Q&A) via the Oralytics app.



1.1 Design & Deployment Challenges in Clinical
Trials

First, clinical trials, conducted with US National Institutes
of Health (NIH) funding, must adhere to the NIH policy on
the dissemination of NIH-funded clinical trials (National In-
stitutes of Health 2016; ClinicalTrials.gov 2024). This pol-
icy requires pre-registration of the trial in order to enhance
transparency and replicability of trial results (Challenge 1).
The design of the health intervention, including any online
algorithms that are part of the intervention, must be pre-
registered. Indeed, changing any of the intervention com-
ponents, including the online algorithm, during the conduct
of the trial, makes it difficult for other scientists to know
exactly what intervention was implemented and to replicate
any results. Thus to enhance transparency and replicability,
the online algorithm should be autonomous. That is, the po-
tential for major ad hoc changes that alter the pre-registered
protocol should be minimized.

Second, the online algorithm only has a limited amount of
data to learn from when updating its policy throughout the
trial. By design, individuals only receive the mHealth inter-
vention for a limited amount of time. This poses a challenge
to the RL algorithm’s ability to learn based on the small
amount of data collected per individual (Challenge 2).

1.2 Contributions

In this paper, we discuss how we addressed these deploy-
ment challenges in the design of an online RL algorithm —
a generalization of a Thompson-sampling contextual bandit
(Section 3.3) - as part of the Oralytics intervention to im-
prove OSCB for individuals at risk for dental disease. The
RL algorithm (1) learns online from incoming data and (2)
makes decisions for individuals in real time as part of the
intervention. Recently, the Oralytics intervention was de-
ployed in a registered clinical trial (Shetty 2022). Key con-
tributions of our paper are:

1. We highlight key design decisions made for the Oralyt-
ics algorithm that deals with deploying an online RL al-
gorithm as part of an intervention in a clinical trial (Sec-
tion 4).

We conduct a re-sampling analysis using data collected
during the trial to (1) re-evaluate design decisions made
and (2) investigate algorithm behavior (Section 5).

Further details about the clinical trial and algorithm de-
sign decisions can be found in Nahum-Shani et al. (2024);
Trella et al. (2024a).

Appendix and Code: Throughout the paper, we ref-
erence sections of the appendix that further discuss
topics presented in the paper. The appendix is found
here: https://bit.ly/3BN7HFA and the code is found here:
https://bit.ly/3VNBLaX.

2 Related Work

Al in Clinical Trials A large body of work exists that
incorporates Al algorithms to conduct clinical trials. Al
can improve trial execution by automating cohort selection
(Glicksberg et al. 2018) and participant eligibility screening
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Trial Start September 2023
Trial End July 2024
Num. Participants 79
Recruitment Rate Around 5 per 2 weeks
Num. Days Participant in Trial 70
Num. Decision Times Per Day 2

Table 1: Oralytics Clinical Trial Facts

(Alexander et al. 2020; Haddad et al. 2021). Prediction al-
gorithms can be used to assist in maintaining retention by
identifying participants who are at high risk of dropping
out of the trial (Pedersen et al. 2019; Teixeira et al. 2022).
Recently, generative models have been considered to cre-
ate digital twins (Das, Wang, and Sun 2023; Chandra et al.
2024) of participants to predict participant outcomes or sim-
ulate other behaviors. Online algorithms in adaptive trial de-
sign (Van Norman 2019; Askin et al. 2023) can lead to more
efficient trials (e.g., time and money saved, fewer partici-
pants required) by modifying the experiment design in real-
time (e.g., abandoning treatments or redefining sample size).
The above algorithms are part of the clinical trial design (ex-
perimental design) while in our setting, the RL algorithm is
a component of the intervention.

Online RL Algorithms in mHealth Many online RL al-
gorithms have been included in mHealth interventions de-
ployed in a clinical trial. For example, online RL was used to
optimize the delivery of prompts to encourage physical ac-
tivity (Yom-Tov et al. 2017; Liao et al. 2019; Figueroa et al.
2021), manage weight loss (Forman et al. 2023), improve
medical adherence (Lauffenburger et al. 2024), assist with
pain management (Piette et al. 2022), reduce cannabis use
amongst emerging adults (Ghosh et al. 2024a), and help peo-
ple quit smoking (Albers, Neerincx, and Brinkman 2022).
There are also deployments of online RL in mHealth set-
tings that are not formally registered clinical trials (Zhou
et al. 2018; Kumar et al. 2024). Many of these papers fo-
cus on algorithm design before deployment. Some authors
(Kumar et al. 2024), compare outcomes between groups of
individuals where each group is assigned a different algo-
rithm or policy. Here we use a different analysis to inform
further design decisions. Our analysis focuses on learning
across time by a single online RL algorithm.

3 Preliminaries
3.1 Oralytics Clinical Trial

The Oralytics clinical trial (Table 1) enrolled participants re-
cruited from UCLA dental clinics in Los Angeles'. Partic-
ipants were recruited incrementally at about 5 participants
every 2 weeks. All participants received an electric tooth-
brush with WiFi and Bluetooth connectivity and integrated
sensors. Additionally, they were instructed to download the

'The study protocol and consent procedures have been ap-
proved by the University of California, Los Angeles Institutional
Review Board (IRB#21-001471) and the trial was registered on
ClinicalTrials.gov (NCT05624489).



Oralytics app on their smartphones. The RL algorithm dy-
namically decided whether to deliver an engagement prompt
for each participant twice daily, with delivery within an
hour preceding self-reported morning and evening brushing
times. The clinical trial began in September 2023 and was
completed in July 2024. A total of 79 participants were en-
rolled over approximately 20 weeks, with each participant
contributing data for 70 days. However, due to an engineer-
ing issue, data for 7 out of the 79 participants was incorrectly
saved and thus their data is unviable. Therefore, we restrict
our analyses (in Section 5) to data from the 72 unaffected
participants. For further details concerning the trial design,
see Shetty (2022) and Nahum-Shani et al. (2024).

3.2 Online Reinforcement Learning

Here we consider a setting involving sequential decision-
making for N participants, each with 7" decision times. Let
subscript ¢ € [1 : N] denote the participant and subscript
t € [1: T] denote the decision time. S, ; denotes the current
state of the participant. At each decision time ¢, the algo-
rithm selects action A, ; after observing S, ;, based on its
policy mg(s) which is a function, parameterized by 6, that
takes in input state s. After executing action A; ;, the algo-
rithm receives a reward I?; ;. In contrast to batch RL, where
policy parameters are learned using previous batch data and
fixed for all ¢ € [1 : T, online RL learns the policy param-
eters with incoming data. At each update time 7, the algo-
rithm updates parameters 6 using the entire history of state,
action, and reward tuples observed thus far ... The goal of
the algorithm is to maximize the average reward across all

participants and decision times, E[ = S o1 R ]

3.3 Oralytics RL Algorithm

The Oralytics RL algorithm is a generalization of a
Thompson-Sampling contextual bandit algorithm (Russo
et al. 2018). The algorithm makes decisions at each of the
T = 140 total decision times (2 every day over 70 days)
on each participant. The algorithm state (Table 4) includes
current context information about the participant collected
via the toothbrush and app (e.g., participant OSCB over the
past week and prior day app engagement). The RL algo-
rithm makes decisions regarding whether or not to deliver
an engagement prompt to each participant twice daily, one
hour before a participant’s self-reported usual morning and
evening brushing times. Thus the action space is binary, with
A; + = 1 denoting delivery of the prompt and A4; ; = 0, oth-
erwise.

The reward, R;, is constructed based on the proximal
health outcome OSCB, Q;;, and a tuned approximation to
the effects of actions on future states and rewards. This re-
ward design allows a contextual bandit algorithm to approx-
imate an RL algorithm that models the environment as a
Markov decision process. See Trella et al. (2023) for more
details on the reward designed for Oralytics.

As part of the policy, contextual bandit algorithms use a
model of the mean reward given state s and action a, param-
eterized by 6: r¢(s, a). We refer to this as the reward model.
While one could learn and use a reward model per partic-
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ipant 7, in Oralytics, we ran a full-pooling algorithm (Sec-
tion 4.3) that learns and uses a single reward model shared
between all participants in the trial instead. In Oralytics, the
reward model 7¢(s, a) is a linear regression model as in Liao
et al. (2019) (See Appendix A.2). The Thompson-Sampling
algorithm is Bayesian and thus the algorithm has a prior dis-
tribution 6 ~ N/(pPior, 3P} assigned to parameter 6. See
Appendix A.3 for the prior designed for Oralytics.

The RL algorithm updates the posterior distribution for
parameter 6 once a week on Sunday morning using all par-
ticipants’ data observed up to that time; denote these weekly
update times by 7. Let n, be the number of participants
that have started the trial before update time 7, and ¢(4, 7)
be a function that takes in participant ¢ and current update
time 7 and outputs the last decision time for that participant.
Then to update posterior parameters £2°%, ¥P°% we use the
history H, = {(Siu, Aier, Rip)}7"7) . Thus the RL
algorithm is a full-pooling algorithm that pools observed
data, H, from all participants to update posterior parameters

POst $3P of @. Notice that due to incremental recruitment
of trial participants, at a particular update time 7, not every
participant will be on the same decision time index ¢ and the
history will not necessarily involve all N participants’ data.

To select actions, the RL algorithm uses the latest reward
model to model the advantage, or the difference in expected
rewards, of action 1 over action 0 for a given state s. Since
the reward model for Oralytics is linear, the model of the
advantage is also linear:

ro(s,a=1) —ro(s,a=0) = f(s)' B (1)

f(s) denotes the features used in the algorithm’s model
for the advantage (See Table 4), and 3 is the subset of pa-
rameters of 6 corresponding to the advantage. For conve-
nience, let 7 = 7(i, t) be the last update time corresponding
to the current reward model used for participant ¢ at decision
time ¢. The RL algorithm micro-randomizes actions using
P(f(s)"B > 0|s = S; s, H.) and therefore forms action-
selection probability 7; ;:

Tii =By niuzs) [PU(8) B)|s = Sin, Hs] @)

where £ and Y7 are the sub-vector and sub-matrix of 75
and X2° corresponding to advantage parameter /3. Notice
that while classical posterior sampling uses an indicator
function for p, the Oralytics RL algorithm instead uses a
generalized logistic function for p to ensure that policies
formed by the algorithm concentrate and enhance the repli-
cability of the algorithm (Zhang et al. 2024).

Finally, the RL algorithm samples A; ; from a Bernoulli
distribution with success probability 7; ;:

3)

A; ¢ | miy ~ Bern(m; ;)

4 Deploying Oralytics
4.1 Oralytics Pipeline

Software Components Multiple software components
form the Oralytics software service. These components are
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Figure 2: Oralytics End-to-End Pipeline.

(1) the main controller, (2) the Oralytics app, and (3) the
RL service. The main controller is the central coordinator
of the Oralytics software system that handles the logic for
(a) enrolling participants, (b) pulling and formatting sensor
data (i.e., brushing and app analytics data), and (c) commu-
nicating with the mobile app to schedule prompts for ev-
ery participant. The Oralytics app is downloaded onto each
participant’s smartphone at the start of the trial. The app is
responsible for (a) obtaining prompt schedules for the par-
ticipant and scheduling them in the smartphone’s internal
notification system and (b) providing app analytics data to
the main controller. The RL service is the software service
supporting the RL algorithm to function properly and inter-
act with the main controller. The RL service executes three
main processes: (1) batch data update, (2) action selection,
and (3) policy update.

The main controller and RL service were deployed on
infrastructure hosted on Amazon Web Services (AWS).
Specifically, the RL service was wrapped as an application
using Flask. A daily scheduler job first triggered the batch
data update procedure and then the action-selection proce-
dure and a weekly scheduler job triggered the policy update
procedure. The Oralytics app was developed for both An-
droid and iOS smartphones.

End-to-End Pipeline Description We now describe inter-
actions between clinical staff with components of the Or-
alytics software system and between software components
(See Figure 2). The Oralytics clinical trial staff recruits and
registers participants (Step 1). The registration process con-
sists of the participant downloading the Oralytics app and
staff verifying that the participant had at least one success-
ful brushing session from the toothbrush. Successfully regis-
tered participants are then entered into the participant enroll-
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ment database maintained by the main controller. The main
controller maintains this database to track participants enter-
ing and completing the trial (i.e., at 70 days).

Every morning, a daily scheduler job first triggers the
batch data update process and then the action-selection pro-
cess (Step 2). The RL service begins by fetching the list of
participants currently in the trial (Step 3) and the latest sen-
sor data (i.e., brushing and app analytics data) for current
participants (Step 4) from the main controller. Notice that
this data contains rewards to be associated with previous de-
cision times as well as current state information. Rewards
are matched with the correct state and action and these state,
action, and reward tuples corresponding to previous deci-
sion times are added to the RL service’s internal batch data
table (Step 5). During the action-selection process, the RL
service first uses the latest sensor data to form states for all
current participants (Step 6). Then, the RL service uses these
states and the current policy to create a new schedule of ac-
tions for all current participants (Step 7). These states and
actions are saved to the RL internal database to be added
to the batch data table during Step 5, the next morning. All
new schedules of actions are pushed to the main controller
and processed to be fetched (Step 8). When a participant
opens their Oralytics app, the app fetches the new prompt
schedule from the main controller and schedules prompts as
notification messages in the smartphone’s internal notifica-
tion system (Step 9).

Every Sunday morning, a weekly scheduler job triggers
the policy update process (Step 10). During this process, the
RL system takes all data points (i.e., state, action, and reward
tuples) in the batch data table and updates the policy (Step
11). Recall that the Oralytics RL algorithm is a Thompson
sampling algorithm which means policy updates involve up-
dating the posterior distribution of the reward model param-



eters (Section 3.3). The newly updated posterior distribution
for the parameters is used to select treatments for all par-
ticipants and all decision times for that week until the next
update time.

Every morning, the Oralytics pipeline (Steps 6-8) pro-
duces a full 70-day schedule of treatment actions for each
participant starting at the current decision time (as opposed
to a single action for the current decision time). The sched-
ule of actions is a key design decision for the Oralytics sys-
tem that enhances the transparency and replicability of the
trial (Challenge 1). Specifically, this design decision miti-
gates networking or engineering issues if: (1) a new sched-
ule of actions fails to be constructed or (2) a participant does
not obtain the most recent schedule of actions. We further
see the impact of this design decision during the trial in Sec-
tion 5.2.

4.2 Design Decisions To Enhance Autonomy and
Thus Replicability

A primary challenge in our setting is the high standard for
replicability and as a result the algorithm, and its compo-
nents, should be autonomous (Challenge 1). However, unin-
tended engineering or networking issues could arise during
the trial. These issues could cause the intended RL system
to function incorrectly compromising: (1) participant expe-
rience and (2) the quality of data for post-trial analyses.

One way Oralytics dealt with this constraint is by im-
plementing fallback methods. Fallback methods are pre-
specified backup procedures, for action selection or updat-
ing, which are executed when an issue occurs. Fallback
methods are part of a larger automated monitoring system
(Trella et al. 2024b) that detects and addresses issues im-
pacting or caused by the RL algorithm in real-time. Oralyt-
ics employed the following fallback methods:

1. if any issues arose with a participant not obtaining the
most recent schedule of actions, then the action for the
current decision time will come from the last scheduled

pushed to the participant’s app.

if any issues arose with constructing the schedule of ac-
tions, then the RL service forms a schedule of actions
where each action is selected with probability 0.5 (i.e.,
does not use the policy nor state to select action).

. for updating, if issues arise (e.g., data is malformed or
unavailable), then the algorithm stores the data point, but
does not add that data point to the batch data used to up-
date parameters.

4.3 Design Decisions Dealing with Limited
Decision Times Per Individual

Each participant is in the Oralytics trial for a total of 140
decision times, which results in a small amount of data col-
lected per participant. Nonetheless, the RL algorithm needs
to learn and select quality actions based on data from a lim-
ited number of decision times per participant (Challenge 2).

A design decision to deal with limited data is full-pooling.
Pooling refers to clustering participants and pooling all data
within a cluster to update the cluster’s shared policy param-
eters. Full pooling refers to pooling all N participants’ data
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together to learn a single shared policy. Although partici-
pants are likely to be heterogeneous (reward functions are
likely different), we chose a full-pooling algorithm like in
Yom-Tov et al. (2017); Figueroa et al. (2021); Piette et al.
(2022) to trade off bias and variance in the high-noise envi-
ronment of Oralytics. These pooling algorithms can reduce
noise and speed up learning.

We finalized the full-pooling decision after conducting
experiments comparing no pooling (i.e., one policy per par-
ticipant that only uses that participant’s data to update) and
full pooling. We expected the no-pooling algorithm to learn
a more personalized policy for each participant later in the
trial if there were enough decision times, but the algorithm
is unlikely to perform well when there is little data for that
participant. Full pooling may learn well for a participant’s
earlier decision times because it can take advantage of other
participants’ data, but may not personalize as well as a no-
pooling algorithm for later decision times, especially if par-
ticipants are heterogeneous. In extensive experiments, using
simulation environments based on data from prior studies,
we found that full-pooling algorithms achieved higher av-
erage OSCB than no-pooling algorithms across all variants
of the simulation environment (See Table 5 in Trella et al.
(2024a)).

5 Application Payoff

We conduct simulation and re-sampling analyses using data
collected during the trial to evaluate design decisions made
for our deployed algorithm. We focus on the following ques-
tions:

1. Was it worth it to invest in fallback methods? (Sec-

tion 5.2)

Was it worth it to run a full-pooling algorithm? (Sec-

tion 5.3)

. Despite all these challenges, did the algorithm learn?
(Section 5.4)

2.

5.1 Simulation Environment

One way to answer questions 2 and 3 is through a simula-
tion environment built using data collected during the Ora-
Iytics trial. The purpose of the simulation environment is to
re-simulate the trial by generating participant states and out-
comes close to the distribution of the data observed in the
real trial. This way, we can (1) consider counterfactual deci-
sions (to answer Q2) and (2) have a mechanism for resam-
pling to assess if evidence of learning by the RL algorithm
is due to random chance and thus spurious (to answer Q3).

For each of the N = 72 participants with viable data from
the trial, we fit a model which is used to simulate OSCB out-
comes. (Q; ; given current state .S; ; and an action A; ;. We
also modeled participant app opening behavior and simu-
lated participants starting the trial using the exact date the
participant was recruited in the real trial. See Appendix B
for full details on the simulation environment.

5.2 Was it worth it to invest in fallback methods?

During the Oralytics trial, various engineering or networking
issues (Table 2) occurred that impacted the RL service’s in-



Date Issue Type Num. Participants Affected Fallback Method

10/30/2023  Fail to read from internal database 1 2

11/16/2023  RL Service and endpoints went down 23 1

11/17/2023  RL Service and endpoints went down 23 1

11/17/2023  Fail to read from internal database 1 2

11/25/2023  Fail to get app analytics data from main controller 1 3

11/26/2023  Fail to get app analytics data from main controller 1 3

11/27/2023  Fail to get app analytics data from main controller 1 3

11/28/2024  Fail to get app analytics data from main controller 1 3

11/29/2024  Fail to get app analytics data from main controller 1 3

11/30/2024  Fail to get app analytics data from main controller 1 3

12/15/2024  Fail to get app analytics data from main controller 1 3

12/16/2024  Fail to get app analytics data from main controller 1 3

01/24/2024 RL Service and endpoints went down 24 1

01/25/2024 RL Service and endpoints went down 24 1

02/21/2024  Fail to read from internal database 5 2

Table 2: Engineering issues that impacted the RL service during the Oralytics trial.

e e Pooling Mean Value  First Quartile Value
230 — Fallback Method (i) Full Pooling  69.724 (0.047) 43.049 (0.091)
<o — [Fallback Method (i) No Pooling  69.375 (0.047) 43.024 (0.088)
§20 Table 3: Experiment results comparing a full-pooling online
e RL algorithm with a no-pooling one in the simulation envi-
5 10 ronment. Value in each parenthesis is the standard error of
£ 3 the mean across 500 Monte Carlo repetitions.
=2 0

10/30/2023 =
11/16/2023 1
11/17/2023 ¢
11/25/2023 4=
11/26/2023 =
11/27/2023 =
o 11/28/2024 =
® 11/29/2024 =
11/30/2024 =
12/15/2024 =
12/16/2024 =
01/24/2024 1
01/25/2024 1
02/21/2024 -

Q
=2

Figure 3: Fallback methods executed over the Oralytics trial.
All 3 fallback methods were executed at least once during
the Oralytics trial to mitigate various issues such as the RL
service going down or failing to obtain sensor data to form
the current state.

tended functionality. These issues were automatically caught
and the pre-specified fallback method was executed. Fig-
ure 3 shows that all 3 types of fallback methods were ex-
ecuted over the Oralytics trial. Notice that fallback method
(1), made possible by our design decision to produce a sched-
ule of actions instead of just a single action, was executed 4
times during the trial and mitigated issues for more partici-
pants than any other method. While defining and implement-
ing fallback methods may take extra effort by the software
engineering team, this is a worthwhile investment. Without
fallback methods, the various issues that arose during the
trial would have required ad hoc changes, to the RL algo-
rithm reducing autonomy and thus replicability of the inter-
vention.

5.3 Was it worth it to pool?

Due to the small number of decision points (I' = 140)
per participant, the RL algorithm was a full-pooling algo-
rithm (i.e., used a single reward model for all participants
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and updated using all participants’ data). Even though be-
fore deployment we anticipated that trial participants would
be heterogeneous (i.e., have different outcomes to the inter-
vention), we still believed that full-pooling would learn bet-
ter over a no-pooling or participant-specific algorithm. Here,
we re-evaluate this decision.

Experiment Setup Using the simulation environment
(Section 5.1) we re-ran, with all other design decisions fixed
as deployed in the Oralytics trial, an algorithm that performs
full pooling with one that performs no pooling over 500
Monte Carlo repetitions. We evaluate algorithms based on:

* average of participants’ average (across time) OSCB:
1N 1w
N7 Qi
i=1" t=1

o first quartile (25th-percentile) of participants’ average
(across time) OSCB:

1z N
First Quartile ({ T Z Qi,t} ‘_1)
t=1 i=

Results As seen in Table 3, the average and first quar-
tile OSCB achieved by a full-pooling algorithm is slightly
higher than the average OSCB achieved by a no-pooling al-
gorithm. These results are congruent with the results for ex-
periments conducted before deployment (Section 4.3). De-
spite the heterogeneity of trial participants, it was worth it
to run a full-pooling algorithm instead of a no-pooling algo-
rithm.



Advantage State Features
1. Time of Day (Morning/Evening)

2. Exponential Average of OSCB Over Past Week
3. Exponential Average of Dosage Over Past Week
4. Prior Day App Engagement
5. Intercept Term

Table 4: State features f(s) used by the Oralytics RL algo-
rithm to model the advantage in state s. See Appendix A.1
for more details.

e = = g
o =) w» o

Standardized Predicted Advantage
o
>

10 15 20

Update Time T

25 30 35

Figure 4: The standardized predicted advantage in state s
over update times 7 using posterior parameters learned dur-
ing the Oralytics trial. It appears that the algorithm has
learned a state where it is effective to send a prompt.

5.4 Did We Learn?

Lastly, we consider if the algorithm was able to learn de-
spite the challenges of the clinical trial setting. We define
learning as the RL algorithm successfully learning the ad-
vantage of action a = 1 over ¢ = 0 (i.e., sending an en-
gagement prompt over not sending one) in a particular state
s. Recall that the Oralytics RL algorithm maintains a model
of this advantage (Equation 1) to select actions via posterior
sampling and updates the posterior distribution of the ad-
vantage model parameters throughout the trial. One way to
determine learning is to visualize the standardized predicted
advantage in state s throughout the trial (i.e., using learned
posterior parameters at different update times 7). The stan-
dardized predicted advantage in state s using the policy up-
dated at time T is:

12T f(s)
F(s)TE2f(s)

,uf and Ef are the posterior parameters of advantage param-
eter 8 from Equation 1, and f(s) denotes the features used
in the algorithm’s model of the advantage (Table 4).

For example, consider Figure 4. Using posterior param-
eters 11, %27 learned during the Oralytics trial, we plot the
standardized predicted advantage over updates times 7 in
a state where it is (1) morning, (2) the participant’s expo-
nential average OSCB in the past week is about 28 seconds
(poor brushing), (3) the participant received prompts 45%
of the times in the past week, and (4) the participant did not

predicted_adv(r, s) := 4)

(b)
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open the app the prior day. Since this value is trending more
positive, it appears that the algorithm learned that it is effec-
tive to send an engagement prompt for participants in this
particular state. In the following section, we assess whether
this pattern is evidence that the RL algorithm learned or is
purely accidental due to the stochasticity in action selection
(i.e., posterior sampling).

Experiment Setup We use the re-sampling-based para-
metric method developed in Ghosh et al. (2024b) to assess
if the evidence of learning could have occurred by random
chance. We use the simulation environment built using the
Oralytics trial data (Section 5.1). For each state of interest
s, we run the following simulation. (i) We rerun the RL al-
gorithm in a variant of the simulation environment in which
there is no advantage of action 1 over action 0 in state s (See
Appendix B.3) producing posterior means and variances, /1
and 2. Using 1 and Y2, we calculate standardized pre-
dicted advantages for each update time 7. (ii) We compare
the standardized predicted advantage (Equation 4) at each
update time from the real trial with the standardized pre-
dicted advantage from the simulated trials in (i).

We consider a total of 16 different states of interest. To
create these 16 states, we consider different combinations of
possible values for algorithm advantage features f(s) (Ta-
ble 4). Features (1) and (4) are binary so we consider both
values {0, 1} for each. Features (2) and (3) are real-valued
between [—1, 1], so we consider the first and third quartiles
calculated from the Oralytics trial data.?

Results Key results are in Figure 5 and additional plots
are in Appendix C. Our results show that the Oralytics RL
algorithm did indeed learn that sending a prompt is effective
in some states and ineffective in others. This suggests that
our state space design was a good choice because some state
features helped the algorithm discern these states.

We highlight 3 interesting states in Figure 5:

(a) A state where the algorithm learned it is effective to send
a prompt and the re-sampling indicates this evidence
is real. The advantage features f(s) correspond to (1)
evening, (2) the participant’s exponential average OSCB
in the past week is about 28 seconds (poor brushing), (3)
the participant received prompts 20% of the time in the
past week, and (4) the participant did not open the app
the prior day.

A state where the algorithm learned it is ineffective to
send a prompt and the re-sampling indicates this evi-
dence is real. The advantage features f(s) correspond
to (1) morning, (2) the participant’s exponential aver-
age OSCB in the past week is about 100 seconds (al-
most ideal brushing), (3) the participant received prompts
45% of the time in the past week, and (4) the participant
opened the app the prior day.

’For feature (2), -0.7 corresponds to an exponential average
OSCB in the past week of 28 seconds and 0.1 corresponds to 100
seconds; for feature (3), -0.6 corresponds to the participant receiv-
ing prompts 20% of the time in the past week and -0.1 corresponds
t0 45%.
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Figure 5: We compare the predicted advantages across posterior parameter updates from the actual Oralytics trial (dark blue)
with violin plots of predictive advantages using simulated posterior parameters across 500 Monte Carlo repetitions (light blue)
in an environment where there is no advantage in state s. The pattern in (a) and (b) suggests states where the algorithm learned
an advantage of one action over the other and the re-sampling indicates this evidence is real. The pattern in (c), however,
suggests a state where the appearance of learning likely occurred by random chance.

(c) The state in Figure 4 but the re-sampling method indi-
cates the appearance of learning likely occurred by ran-
dom chance.

For (a) and (b), the resampling method suggests the ev-
idence of learning is real because the predicted advantages
using the posterior parameters of the actual trial are trending
away from the simulated predictive advantages of the resam-
pled posterior parameters in an environment where there is
no advantage in state s. For (c), however, the appearance
of learning likely occurred by random chance because pre-
dicted advantages using posterior parameters updated dur-
ing the actual trial are extremely similar to those from re-
sampled posterior parameters.

6 Discussion

We have deployed Oralytics, an online RL algorithm opti-
mizing prompts to improve oral self-care behaviors. As il-
lustrated here, much is learned from the end-to-end develop-
ment, deployment, and data analysis phases. We share these
insights by highlighting design decisions for the algorithm
and software service and conducting a simulation and re-
sampling analysis to re-evaluate these design decisions us-
ing data collected during the trial. Most interestingly, the re-
sampling analysis provides evidence that the RL algorithm
learned the advantage of one action over the other in cer-
tain states. We hope these key lessons can be shared with
other research teams interested in real-world design and de-
ployment of online RL algorithms. From a health science
perspective, pre-specified, primary analyses (Nahum-Shani
et al. 2024) will occur, which is out of scope for this pa-
per. The re-sampling analyses presented in this paper will
inform design decisions for phase 2. The re-design of the
RL algorithm for phase 2 of the Oralytics clinical trial is
currently under development and phase 2 is anticipated to
start in spring 2025.
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