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Behavior Modeling Approach for Forecasting Physical Functioning of
People with Multiple Sclerosis
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Forecasting physical functioning of people with Multiple Sclerosis (MS) can inform timely clinical interventions and accurate
“day planning” to improve their well-being. However, people’s physical functioning often remains unchecked in between
infrequent clinical visits, leading to numerous negative healthcare outcomes. Existing Machine Learning (ML) models trained
on in-situ data collected outside of clinical settings (e.g., in people’s homes) predict which people are currently experiencing
low functioning. However, they do not forecast if and when people’s symptoms and behaviors will negatively impact their
functioning in the future. Here, we present a computational behavior model that formalizes clinical knowledge about MS
to forecast people’s end-of-day physical functioning in advance to support timely interventions. Our model outperformed
existing ML baselines in a series of quantitative validation experiments. We showed that our model captured clinical knowledge
about MS using qualitative visual model exploration in different “what-if” scenarios. Our work enables future behavior-aware
interfaces that deliver just-in-time clinical interventions and aid in “day planning” and “activity pacing”.
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1 INTRODUCTION
Highly functioning people with Multiple Sclerosis (MS) (a progressive autoimmune chronic disease of the central
nervous system) [106] experience few barriers to social interactions and professional careers [105]. Functioning
(inverse of disability) indicates how well people with MS can interact with their surrounding environment to
perform activities of daily living (ADL) and maintain social participation [118]. However, people with MS face
challenges tracking their end-of-day (EOD) physical functioning outside of clinical settings (e.g., at their homes).
Despite existing medications and behavioral interventions to improve people’s functioning [127], their functioning
often goes unchecked in between infrequent clinical visits. This could lead to many negative consequences,
including loss of employment, social disability, poor life satisfaction, and reduced physical health [91, 118].

The ability to forecast functioning of people with MS before it deteriorates could enable future user interfaces
for clinically validated “just-in-time” interventions [26, 57] (e.g., “day planning” that allows people with MS to
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Health condition (disorder or disease)

Body functions & structure Activity Participation

Environmental factors Personal factors

Contextual factors

• MS subtype (Progressive, Relapsing Remitting)
• Usage of mobility aids (cane, walker, wheelchair)
• Daily symptoms (pain and fatigue)

Person with Multiple Sclerosis (MS)  

Daytime intervals
(wake, morning, afternoon, evening, bed)

• Gender
• Age

• Activity bouts (intensity) 
• Activity pace (frequency of breaks)

• Social participation
• Employment

• Lower Extremity Function (mobility)
• Upper Extremity Function (fine motor, ADL)

Fig. 1. Our expert-informed conceptual model of functioning and disability of people with MS based on the World Health
Organization International Classification of Functioning (WHO-ICF) model [118].

plan their activities for the day in advance) [35, 45, 60, 64, 72, 103] and “activity pacing" which involves taking
breaks during physical activities to manage symptoms [1–3]). For example, such interfaces could notify people
with MS (or their caregivers and clinicians) and suggest relevant clinical interventions before their functioning
worsens. However, tracking and forecasting functioning of people with MS remains challenging because their
functioning (like their symptoms) is often variable, unpredictable, and fluctuate over time [104].
Recent advancements in personal, mobile, and wearable devices enable tracking of people’s symptoms (e.g.,

fatigue, pain) and physical functioning (e.g., mobility, ADL) at their homes. Existing Machine Learning (ML)
models [37, 80, 112] can use such data to predict people susceptible to or already experiencing low functioning.
However, they do not forecast when people with MS will experience low functioning ahead of time.

In this paper, we present a human-centered computational modeling method that captures behaviors of people
with MS to forecast their EOD functioning. We based our model on clinical knowledge from an MS disease
expert (a clinical psychologist and researcher in a department of physical medicine and rehabilitation) on our
team and their insights about perspectives of various stakeholders (e.g., people with MS, clinicians, caregivers).
We formalized existing clinical knowledge (Fig. 1) about the relationship between people’s MS condition (in
particular their MS symptoms, such as pain, fatigue) and their daily physical activity (e.g., activity intensity and
pace) [61–63, 70, 117], and how they both influence EOD physical functioning for people with MS [1, 3, 6, 61].
We contribute a computational modeling method (Fig. 2), which extends an existing behavior modeling

approach [8] based on Inverse Reinforcement Learning (IRL) [78] and applies it to MS. We first co-engineered
features with our MS domain expert; a domain-specific step that is not immediately obvious from existing
work [8, 9]. We further extended the existing approach [8, 9] and replaced “off-the-shelf” ML algorithms with a
Bayesian Network (BN) [18] (which we co-designed with our domain expert) to predict MS symptoms at different
times of day and EOD functioning. We used the engineered features and BN to train our probabilistic generative
IRL-based model to estimate conditional probabilities of different EOD functioning levels (low, medium, high) and
forecast the one withmaximum probability. Unlike other time series approaches (e.g., HiddenMarkovModels [89]),
our model differentiates between features that describe situations that people with MS find themselves in and the
actions they perform in those situations to assess how each impact their EOD physical functioning.

We validated our method in a series of quantitative performance evaluation experiments and using qualitative
visual model exploration. We trained and tested our model using an existing clinically validated dataset [61–63]
containing data from 107 ambulatory adults with MS collected over 7 consecutive days in their homes. The data
consisted of: 1) people’s personal factors (age, gender), 2) health conditions (MS subtype, usage of mobility aids),
3) continuous actigraphy, 4) self-reported symptoms (pain, fatigue) five times per day, and 5) self-reported EOD
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and UEF) starting from different daytime intervals in 
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capabilities and limitations in different “what-if” scenarios 
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Fig. 2. Stages of our computational behavior modeling method to forecast end-of-day (EOD) physical functioning (LEF and
UEF) of people with MS based on their demographics, health conditions, MS symptoms (pain and fatigue), and activities.

functioning. The dataset included two clinically validated measures of EOD physical functioning [12, 122]: 1)
upper extremity functioning (UEF), and 2) lower extremity functioning (LEF). We evaluated the performance of
our BN to predict people’s current symptoms and EOD LEF and UEF as an intermediary step towards evaluating
the performance of our IRL-based algorithm to forecast EOD LEF and UEF starting at different times of day.
Our quantitative BN model performance evaluation showed that our BN model on average outperformed

existing state-of-the-art ML models [36, 37, 80, 92, 123, 125] with an improvement of 21% and 29% in the receiver
operating characteristic area under the curve (ROC AUC) statistic compared to the best performing baseline
when predicting EOD LEF and UEF respectively. Our baselines included models used to predict MS symptoms in
the past [36, 37, 80, 92, 123, 125] and those used with the existing modeling approach that we extended [8, 9].

Our forecasting performance evaluation showed that our model is more accurate at forecasting EOD LEF and
UEF compared to a baseline based on an existing Long Short-Term Memory (LSTM) architecture [25] in two
experiments: 1) starting at each daytime interval and using both self-reported and passive-sensing data (with
average improvements of 10% and 13% in the best ROC AUC to forecast LEF and UEF respectively), and 2) starting
when participants woke up and using their self-reported data then and only passively sensed data afterwards
(with average improvements of 14% and 19% in the best ROC AUC to forecast LEF and UEF respectively). Our
qualitative visual model exploration in different “what-if” scenarios with two model designers and a clinical
expert on our team found that our model captures meaningful relationships between people’s personal and
environmental factors, daily activities, MS symptoms, and EOD functioning.
Our work contributes a computational modeling method that improves on the existing ML approaches for

predicting and forecasting EOD physical functioning of people with MS. Our evaluation showed evidence that
this increase in performance came from our carefully engineered, expert-informed features and algorithms. We
demonstrated that it is feasible to forecast physical functioning before it worsens (i.e., when the people with MS
need it the most), with few false alarms. Our work is the first necessary step towards enabling future ubiquitous
computing behavior-aware user interfaces that deliver just-in-time clinical interventions.
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2 BACKGROUND AND RELATED WORK
Here, we briefly introduce MS and review existing methods for data collection and data analysis. We then outline
existing approaches and algorithms for automated prediction and forecasting of MS symptoms and functioning.
Note that the study of how people self-track and interpret their own data [4] is out of the scope of this work.

2.1 Multiple Sclerosis (MS) and Physical Functioning
MS is a progressive autoimmune disease of the central nervous system with a constellation of debilitating
symptoms [104, 106] that affect people on biological, behavioral, and social levels [44, 120]. Clinical MS research
[12, 69] studies physical functioning outcomes because they inform clinical interventions, such as “day planning”
(planning activities for a day based on active time) [35, 45, 60, 64, 72, 103] and “activity pacing" (balancing periods
of activities with periods of rest) [1–3]. However, forecasting physical functioning outside clinical settings remains
challenging [61, 120] due to the complex associations between different factors that impact functioning, such as
personal factors (e.g., age [94], gender [24, 34]), clinically identified health conditions (e.g., MS subtype [71, 82],
usage of mobility aids [32, 47]), activity [3, 70], and various MS symptoms (e.g., pain, fatigue [2, 6, 83, 115]).

2.2 MS Data Collection and Analysis Methods
Researchers can gain insight into the MS symptoms and functioning of people by collecting their daily behavior
and activity data in natural settings (e.g., their homes), over a long period, and at scale [127]. Research [28, 43,
59, 95, 109, 112] has already shown the feasibility of passive sensing to collect daily activity data by leveraging
embedded sensors from people’s mobile and wearable devices (e.g., Fitbit, Actigraph). Ecological Momentary
Assessment (EMA) [62], clinically validated self-report survey instruments [88], and technology-driven empirical
studies [14, 85, 111] allow measuring MS symptoms, body functioning [61], and physical and mental wellbeing
[54]. Clinical researchers then apply exploratory data analysis (EDA) [114], data visualizations [33, 49], and
statistical testing [62] on such data. Although such methods allow researchers to manually explore high-level
relationships between factors that influence MS functioning, they are not meant for automated forecasting.

2.3 Predicting and Forecasting MS Symptoms and Functioning
Supervised ML classification [11, 37, 39, 80, 92, 123, 125] and regression [84, 90, 98, 112] algorithms can predict
both subjective and objective measures of MS symptoms and functioning. Such methods can classify which people
with MS are susceptible to low physical functioning, or people who are currently experiencing low functioning
at the time of prediction. However, such methods are not meant for forecasting multivariate time-series MS
data (e.g., forecasting in advance when people will experience low levels of functioning). Existing methods of
forecasting time-series data have been applied to electronic health records (EHR) [79, 121], forest fire [27], traffic
[5], etc. However, these methods can only forecast a specific value, but not multiple variables simultaneously (e.g.,
computing joint probabilities of multiple variables (e.g., EOD LEF and UEF)) as required in forecasting problem.

2.4 MS Symptom and Functioning Prediction and Forecast Validation and Explanation Challenges
Model designers often use aggregated performance metrics (e.g., accuracy, f1-score) to evaluate ML model
performance [41]. However, solely quantitative analysis can be misleading [86] when error distributions are not
uniform across subgroups of data, features, classes, and domains. Not knowing where prediction and forecasting
errors originate from [23, 67, 102] can limit model usefulness [22, 55, 110]. Recent interactive ML and explainable
AI (XAI) research showed that visual model exploration [9, 29, 31, 52, 66, 93, 124] could enable inspection of
black-boxMLmodels [116] to identify regions of the model producing erroneous predictions [10, 21]. Nevertheless,
it remains challenging for model designers without sufficient domain knowledge to formulate situations when
qualitative ML model exploration would be helpful in identifying forecasting errors and their origin [17, 50].
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3 METHOD FOR FORECASTING MS FUNCTIONING
Our computational behavior model formalizes clinical knowledge and utilizes carefully engineered features to
forecast the EOD functioning of people with MS. We structured our behavior model based on the WHO-ICF
model of functioning and disability [118] by considering health conditions, body functions, and contextual factors
of people with MS (Fig. 1). We estimated model parameters using an existing probabilistic approach [8] that
captures the semantics of purposeful behaviors from different situations and actions [9] demonstrated in the data.

3.1 Dataset
We used an existing dataset [61–63] collected by MS clinicians following clinical guidelines, where the data
represent the proportion of MS subtype in a population of people with MS. This Dataset contains 107 ambulatory
adults (74 female and 33 male; age range 23-67,𝑚𝑒𝑎𝑛 = 45, 𝑠𝑡𝑑 = 11.7) with clinically confirmed MS. Data was
collected in participants’ homes over seven consecutive days and includes: 1) personal factors (age, gender),
2) health conditions (MS subtype, usage of mobility aids), 3) continuous wrist actigraphy (activity bouts and
pace) from a PRO-Diary watch, 4) Ecological Momentary Assessment (EMA) of self-reported symptoms (pain
and fatigue on a 0-10 scale), and 5) end-of-day (EOD) diary of clinically validated self-reported survey measures
of functioning using Qualtrics online survey tool. Participants self-reported their symptoms five times each
day (wake, morning (11 am), afternoon (3 pm), evening (7 pm), and bed) resulting in 3,745 records from 107
participants, and their end-of-day functioning only before bedtime (749 records). Functioning was computed using
a clinically validated eight items questionnaire from the Quality of Life in Neurological Disorders (Neuro-QOL)
item bank for daily assessments of lower extremity function (LEF) and upper extremity function (UEF) [75].

MS dataset

• 107 participants with clinically confirmed MS
• Continuous 7 days of demographics, activity, EMA symptoms (pain, fatigue),  and 

EOD  functioning (LEF and UEF) data  for each participant

Remaining full setDiscarded set

• Discard 8 participants’ data with 
unknown MS subtype

IRL forecasting test set

Development, train, and validation set

Feature development set

IRL forecasting train set

BN train + validation set

• ~20% participants’ data of full set (model-unseen data)
• 20 participants chosen by stratified random sampling 

based on MS subtype
• MS subtype: RR-MS = 14, P-MS = 6 (PP-MS = 4 , PR-MS = 1, SP-MS = 1)
• Use case: Validating IRL model forecasted functioning performance 

• ~80% participants’ data of full set (stratified by MS subtype)
• Remaining 79 participants after choosing 20 participants for test set
• MS subtype: RR-MS = 56,  P-MS = 23 (PP-MS = 10 , PR-MS = 1, SP-MS = 12)

Subject-wise data split (stratified by MS subtype)

• Continuous first 4 days of data 
for 79 participants

• Use case: finding decision boundaries 
for feature variables (age, pain,
fatigue,  activity bouts, and 
activity pace) to best predict EOD 
functioning (LEF and UEF)

• Continuous 7 days of data for 79 participants
• Use case 1: validating next symptoms and functioning prediction by 

Bayesian network (BN) using 10-fold cross validation stratified by 
MS subtype, and 2) Leave-one-out cross validation (LOOCV)

• Use case 2: training a Bayesian network (BN) for estimating 
transition probability 𝑃 𝑠! 𝑠, 𝑎 and initial state probability 𝑃(𝑠")

• Continuous 7 days of data for 79 participants
• Use case: training Inverse Reinforcement Learning (IRL) 

behavior model for estimating policy 𝑃(𝑎|𝑠)

Record-wise data split

• 99 participants with known MS subtype
• MS subtype: 

• Relapsing Remitting (RR-MS) =  70 participants
• Progressive (P-MS) = 29 participants

• Primary Progressive (PP-MS) =  14 participants
• Progressive Relapsing (PR-MS) = 2 participants
• Secondary Progressive (SP-MS) = 13 participants

• Use case: Qualitative visual model exploration compared to data

Inclusion/exclusion data split based on the presence of MS subtype

Feature validation set

• 7th day data for 79 participants
• Use case: feature importance 

validation using ablation 
experiment

Fig. 3. Dataset split procedure.

We used this dataset for feature selection, model development, training, and validation. We applied both
record-wise and subject-wise data splits to generate separate sets for each of the steps in our model development
process (Fig. 3). We used stratified random sampling based on people’s MS subtype (Progressive and Relapsing
Remitting MS) to ensure that our training, validation, and test sets included representative samples. We also
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created a hold-out test set including data from model-unseen 20 people with MS from our cohort to minimize
chances of identity confounding [77] (e.g., model overfitting on the digital fingerprint of each participant).

3.2 Data Pre-processing and Feature Engineering
We used our domain expert’s insights and clinical knowledge to select and engineer our features. We leveraged
existing empirical evidence that behaviors and activities affect changes in daily symptoms [61–63, 70, 76, 81, 117],
which in turn affect EOD physical functioning (LEF and UEF) for people with MS [1, 3, 6, 61]. We used existing
categories in the data when clinically applicable (e.g., binary gender, MS subtype); when no such categories existed,
we used entropy-based supervised binning [30] using data from the “feature development set" to find decision
boundaries and bin other features that maximize information gain and predictive performance of our model
(similar to training a decision tree with the entropy criterion using binned features to predict EOD functioning).
Table 1 shows the detailed steps involved in our data processing and feature engineering.

Table 1. Data pre-processing and feature engineering in our modeling approach.

Feature Type Raw Feature Feature Engineering Procedure Cutoff points Pre-processed Feature Bins

Clinically
validated
self-reported
functioning
measures

End-of-day (EOD)
lower extremity
functioning (LEF)
(Neuro-QoL T-s core)

G-code severity modifier scale for Neuro-QoL LEF (v1.0)
to bin T-score from EOD questionnaires response
(signifies mobility) [73, 74]

𝑐1 = 40.5,
c2 = 50.9

Low:𝑇 − 𝑠𝑐𝑜𝑟𝑒 <= 40.5,
Medium: 40.5 < 𝑇 − 𝑠𝑐𝑜𝑟𝑒 <= 50.9,
High:𝑇 − 𝑠𝑐𝑜𝑟𝑒 > 50.9,
Not Recorded: missing reports

End-of-day (EOD)
upper extremity
functioning (UEF)
(Neuro-QoL T-score)

G-code severity modifier scale for Neuro-QoL UEF (v1.0)
to bin T-score from EOD questionnaires response
(signifies fine motor tasks and Activities of Daily
Living (ADL)) [73, 74]

𝑐1 = 36.5,
c2 = 50

Low:𝑇 − 𝑠𝑐𝑜𝑟𝑒 <= 36.5,
Medium: 36.5 < 𝑇 − 𝑠𝑐𝑜𝑟𝑒 <= 50,
High:𝑇 − 𝑠𝑐𝑜𝑟𝑒 > 50,
Not Recorded: missing reports

Health
conditions

MS subtype
(Progressive, Relapsing Remitting)

Feature grouping using clinical insight [108]
1. Relapsing Remitting (RR)
2. Progressive: Primary Progressive, Progressive
Relapsing, and Secondary Progressive

N.A Relapsing Remitting,
Progressive

Usage of mobility aids
(e.g., cane, wheelchair) Binary encoding N.A Yes, No

Personal
factors

Gender
(74 female, 33 male) Binary encoding N.A Male, Female

Age
(mean 45, std = 11.7)

Entropy-based supervised binning
Training feature: age
Target class: EOD LEF (High, Medium, Low)

𝑐1 = 40,
c2 = 55

Younger than 40: <= 40
Between 41 to 55: [41 − 55]
56 and older: >= 56

Self-reported
symptoms

Current pain
scale (0 − 10)

Entropy-based supervised binning
Training feature: current pain
Target class: EOD LEF (High, Medium, Low)

𝑐1 = 1,
c2 = 4

Low: [0 − 1],
Medium:[2 − 4],
High: [5 − 10],
Not Recorded: missing reports

Current fatigue
scale (0 − 10)

Entropy-based supervised binning
Training feature: current fatigue
Target class: EOD LEF (High, Medium, Low)

𝑐1 = 3,
c2 = 6

Low: [0 − 3],
Medium:[4 − 6],
High: [7 − 10],
Not Recorded: missing reports

Action
features

Current activity bouts
(raw data from Actigraph)

Entropy-based supervised binning
Training feature: current activity bouts
Target class: next fatigue (High, Medium, Low)

𝑐 = 21.97
Low: avg. activity bouts per epoch (15s) <= 21.97,
High: avg. activity bouts per epoch (15s) > 21.97,
Not Recorded: missing data

Current activity pace
(raw data from Actigraph)

Entropy-based supervised binning
Training feature: current activity pace
Target class: next fatigue (High, Medium, Low)

𝑐 = 1.09
Low: avg. pace per epoch (15s) <= 1.09,
High: avg. pace per epoch (15s) > 1.09,
Not Recorded: missing data

3.2.1 Clinically Validated Functioning Measures. We used clinically validated subjective measures of EOD LEF and
UEF [75]. We converted raw LEF and UEF T-scores into three representative bins (low, medium, high) following
clinically validated G-code severity modifiers scale cut-off points [73, 74]. We grouped the severity modifiers into
three representative balanced bins (low, medium, high) for LEF and UEF (Table 1).

3.2.2 Health Conditions. Studies suggested that MS subtype [62, 94] and usage of mobility aids [32, 47] influence
symptom changes and end-of-day (EOD) functional abilities for people with MS. Thus, we used these two features
to represent people’s health conditions. In a real-world MS population, Relapsing Remitting (RR-MS) (≈ 85%) is
the most common MS subtype than Progressive (P-MS) (≈ 15%) [108]. Thus, most of the participants in the dataset
had RR-MS subtypes (77.8%); participants with P-MS subtypes (22.2%) were few. We used clinical insights that
people with different subcategories of progressive MS (e.g., Primary Progressive (PP-MS), Progressive Relapsing
(PR-MS), and Secondary Progressive (SP-MS)) share similar outcomes, and thus, we combined the participants
with PP-MS, PR-MS, and SP-MS subtypes into the “progressive" category (Table 1) consulting with domain expert.
We used a binary feature (“Yes”, “No”) to indicate if participants used mobility aids (e.g., cane, walker, wheelchair).
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3.2.3 Personal Factors. Age and gender directly impacts EOD functioning for people with MS [24, 61, 94]. We
used the existing gender feature from the dataset which splits participants into males and females. However,
modeling every age is computationally prohibitive. Thus, we used data from the “feature development set” to
identify three age bins using entropy-based supervised binning [30]. We found two decision boundaries for age
(𝑐1 = 40 and 𝑐2 = 55) resulting in three bins (Table 1): 1) younger than 40, 2) 41 to 55, and 3) 56 and older.

3.2.4 Self-reported Symptoms. Changes in MS symptoms (e.g., pain and fatigue) throughout the day significantly
influence EOD functioning for people withMS [61, 122]. Although existingMLmodels [16, 51, 100] used numerical
symptom features (e.g., pain and fatigue on a scale from 0-10), this requires prohibitively large amount of data to
model each combination of symptom levels. Thus, we used the correlation between MS symptoms and functioning
to further categorize numerical symptom features into three bins (low, medium, and high) using entropy-based
supervised binning [30] (Table 1 shows the cut-offs and the resulting bins).

3.2.5 Activity Bouts and Pacing. MS symptoms (e.g., fatigue) are influenced by people’s activity intensity and
pace [3, 70, 95, 117], which in turn impact EOD functioning for people with MS [61]. Thus, we included activity
bouts (intensity) and pace as activity features. We repeated the same procedure to bin the activity bouts and
pace, as with symptoms. However, the actigraphy data lacked sufficient granularity, so we could only create two
representative bins (low and high) for activity bouts and pace features. Due to the lack of correlation between
the actigraphy data during sleep and other daytime intervals, we discarded bedtime activity bout and pace data.
Table 1 shows the resulting bins for 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 𝑏𝑜𝑢𝑡𝑠 and 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 𝑝𝑎𝑐𝑒 features.

3.2.6 Handling Missing Values. The dataset contains missing values (activities, self-reported symptoms, and
functioning) across different demographics and daytime intervals. Existing modeling approaches [19, 37, 113]
adopted different strategies to deal with missing values (e.g., interpolation, mean imputation). However, tracking
missing values across daytime intervals might manifest meaningful behaviors (e.g., feeling symptomatic, busy
schedule, forgetting to charge the watch) relevant to functioning of people with MS. We analyzed missing value
distributions across different feature variables using data from the “feature development set” and the “full set”
(Table 2) and found trends in missing values (e.g., males are less likely to report symptoms and functioning than
females and the majority fail to report symptoms before bedtime). Thus, we tracked missing values as behavioral
features in our model to explore the underlying behaviors behind their occurrence.

Table 2. Distribution of missing/unreported feature values in our “feature development set” (first 4 days of data for 79
participants) and the “full set” (continuous 7 days of data for 99 participants).

Feature name Feature values
Feature
distribution
in the data

% of missing data
Activity Bouts
and Pace Pain Fatigue LEF UEF

Dev. Full Dev. Full Dev. Full Dev. Full Dev. Full Dev. Full

Gender Male 32.9% 31.3% 2.2% 6.1% 12.5% 21% 12.5% 21.2% 12.5% 22.1% 12.5% 22.1%
Female 67.1% 68.7% 3.4% 4.9% 16% 14.8% 16.2% 14.8% 10.8% 16.2% 10.8% 16%

Age
Younger than 40 38% 41.4% 3.8% 4.8% 17% 18.7% 17% 18.7% 8.3% 13.9% 8.3% 13.9%
Between 41 to 55 36.7% 36.4% 2.6% 7.3% 11.7% 16.6% 11.9% 16.7% 13.8% 19.8% 13.8% 19.8%
56 and older 25.3% 22.2% 2.5% 2.9% 11.5% 13.2% 11.5% 13.4% 12.5% 22.7% 12.5% 22.1%

MS subtype Progressive 29.1% 29.3% 2.2% 6.8% 13.7% 20.6% 13.9% 20.8% 13% 28.1% 13% 28.1%
Relapsing Remitting 70.9% 70.7% 3.3% 4.7% 13.7% 15.1% 13.7% 15.2% 10.7% 13.9% 10.7% 13.7%

Uses mobility
aids

No 72.2% 71.7% 3.8% 6.1% 14% 16.9% 14% 16.9% 12.7% 16.5% 12.7% 16.3%
Yes 27.8% 28.3% 0.9% 3.3% 12.7% 16.3% 13% 16.5% 8% 21.9% 8% 21.9%

Daytime
intervals

Wake 20% 20% 4.4% 6.6% 13% 16.7% 13% 16.7% N.A N.A N.A N.A
Morning 20% 20% 2.8% 4.5% 11.1% 15.2% 11.1% 15.2% N.A N.A N.A N.A
Afternoon 20% 20% 1.9% 3.8% 11.4% 13% 11.7% 13.1% N.A N.A N.A N.A
Evening 20% 20% 2.8% 6.3% 9.8% 13.1% 9.8% 13.1% N.A N.A N.A N.A
Bed 20% 20% N.A N.A 23.1% 25.7% 23.1% 26% 11.4 18% 11.4% 17.9%
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3.3 Capturing Behaviors of People with MS in a Computational Model
Our computational model uses our carefully engineered features to capture the semantics of purposeful behaviors
and actions in contextual situations and forecast EOD functioning of people with MS. Our model estimates the
probability of changes (e.g., worsening or improvement) in MS symptoms (at different times of day) and predict
EOD functioning using a Bayesian network (BN) [18]. Then, we computed the probability of people’s behaviors
and the probability of performing different actions preceding those symptoms and functioning using an existing
behavior modeling approach [8, 9] based on Inverse Reinforcement Learning (IRL) [78]. We formalized behaviors
of people with MS and defined stochastic transitions between different contextual situations as Markov Decision
Process (MDP) [87] represented by a tuple:

M𝑀𝐷𝑃 = (𝑆, 𝑃 (𝑠0), 𝐴, 𝑃 (𝑎 | 𝑠), 𝑃 (𝑠′ | 𝑠, 𝑎)) (1)
Here, 𝑆 represents states (𝑠 ∈ 𝑆) describing different situations people can be in, 𝑃 (𝑠0) represents probability

that a state initiates a behavior instance, and 𝐴 denotes a set of actions (𝑎 ∈ 𝐴) people can perform in those
states. The conditional probability (𝑃 (𝑎 | 𝑠)) of action 𝑎 in state 𝑠 captures the uncertainty of people’s actions in
different states. 𝑃 (𝑠′ | 𝑠, 𝑎) represents the probability of transition into the next state 𝑠′ after performing action 𝑎

in the state 𝑠 . Since people rarely have full control over their environments, this probability distribution also
encodes how different environmental conditions change between states, regardless of people’s actions.

3.3.1 State and Action Features. We represented each state 𝑠𝜖𝑆 and action 𝑎𝜖𝐴 using feature vectors (F𝑆 and
F𝐴). State features in our model included: 1) personal factors (age and gender), 2) environmental factors (current
daytime interval), 3) health conditions (MS subtype, usage of mobility aids, and MS symptoms), and 4) EOD body
functioning (LEF and UEF) (Table 3). Action features in our model included: 1) current activity bouts (activity
intensity), 2) activity pace, and 2) if participants reported their symptoms and functioning or not (Table 4).

3.3.2 Probabilistic State Transition Model. We built a Bayesian network (BN) [18] to compute the initial state
probabilities 𝑃 (𝑠0) and transition probabilities 𝑃 (𝑠′ | 𝑠, 𝑎). We defined the structure (i.e., relations between

Table 3. State features describing different situations that people with MS can be in.

State feature name State feature description and possible values
Contextual factors: personal factors

Gender Gender of the person with MS {Male, Female}

Age Age of the person with MS
{Younger than 40, Between 41 to 55, 56 and Older}

Contextual factors: environmental factors
Current daytime interval Current time of the day {Wake, Morning, Afternoon, Evening, Bed}

Health condition (disorder or disease)

MS subtype
Type of MS {Progressive, Relapsing Remitting}
The progressive category consists of Primary Progressive (PP-MS), Progressive
Relapsing (PR-MS), and Secondary Progressive (SP-MS) people with MS

Uses mobility aids Whether a person with MS uses mobility aids (cane, walker, wheelchair, scooter, etc.)
or ambulates without it {Yes, No}

Current symptom
(pain)

Self-reported EMA pain score in the current interval using PRO-Diary watch
{Low, Medium, High, Not Recorded}

Current symptom
(fatigue)

Self-reported EMA fatigue score in the current interval using PRO-Diary watch
{Low, Medium, High, Not Recorded}

Body functions and structure (last reported)

Lower Extremity Function
(LEF)

Self-reported end of day (EOD) functioning measure, which signifies mobility
and daily level of difficulty completing LE motor tasks (get on and off the toilet;
step-up and down curbs; get in and out of a car, etc.)
{Low, Medium, High, Not Recorded}

Upper Extremity Function
(UEF)

Self-reported end of day (EOD) functioning measure, which signifies fine motor,
ADL, and daily level of difficulty completing UE motor tasks (turn a key in a lock;
brush your teeth; make a phone call using a touch-tone keypad, etc.)
{Low, Medium, High, Not Recorded}
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Table 4. Action features describing various actions people with MS can perform in different situations.

Action feature name Action feature description and possible values
Track of current activity

Current activity bouts
(activity intensity)

Activity bouts in the current interval based on the average number of activity bouts
per epoch (15s) from a PRO-Diary ActiGraph watch (activity bouts during sleep has been discarded)
{Low, High, Not Recorded}

Current activity pace

Activity pace signifies the number of frequent breaks in between performed activities.
Pacing intensity in the current interval has been estimated from the average number of immobile
bouts per epoch (15s) from a PRO-Diary ActiGraph watch with values
{Low, High, Not Recorded}

Track of reported/not-reported symptoms and outcomes

Record Pain Status of next state EMA pain assessment
{Recorded, Not Recorded}

Record Fatigue Status of next state EMA fatigue assessment
{Recorded, Not Recorded}

Record Lower Extremity
Functioning (LEF)

Status of end-of-day (EOD) diary surveys of LE functional outcomes (mobility)
{Recorded, Not Recorded}

Record Upper Extremity
Functioning (UEF)

Status of end-of-day (EOD) diary surveys of UE functional outcomes (fine motor/ADL)
{Recorded, Not Recorded}

features) of our BN (Fig. 4) based on existing literature [61–63, 70, 117] and in consultation with the domain
expert on our team. We trained the BN on data from the “BN train set”. We only computed the initial state
probabilities 𝑃 (𝑠0) as the joint probability of all state features except for 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐷𝑎𝑦𝑡𝑖𝑚𝑒𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙 , which we
used as evidence (i.e., 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐷𝑎𝑦𝑡𝑖𝑚𝑒𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙 =𝑊𝑎𝑘𝑒). We set the initial state probability to 0 for all states
where 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐷𝑎𝑦𝑡𝑖𝑚𝑒𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙 ≠𝑊𝑎𝑘𝑒 . We computed 𝑃 (𝑠′ | 𝑠, 𝑎) as the joint probability of pain, fatigue, LEF,
and UEF in the next state given all other features from the previous state and action. Note that age, gender, MS
subtype, usage of mobility aids do not change between the from and to states in each transition.

Contextual factors: 
personal factors

Health conditions

Last reported body
functions and  structures

Contextual factors: 
environmental factors

Health conditions
(current interval symptoms)

Activity 
(intensity and pace)

Health conditions
(next interval symptoms) Next pain

End-of-day body 
functions and structures Next LEF Next UEF

Age Gender

MS subtype Uses mobility aids

Last reported LEF Last reported UEF

Current daytime interval

Current pain Current fatigue

Current activity bouts Current activity pace

Next fatigue

Fig. 4. Bayesian network for computing state transition probabilities and initial state probabilities.

3.3.3 IRL-based Model of Human Behavior. We computed action probabilities 𝑃 (𝑎 | 𝑠) using the MaxCausalEnt
IRL [126] algorithm on the “IRL forecasting train set” and using the initial state and state transition probabilities
from the above. Our final model had 30,720 possible states, 104 possible actions, 814,918 possible situation-action
pairs, and 3,273,787 possible transitions between states. We performed IRL post-hoc sample size determination
(SSD) [46] and showed that our training dataset (553 behavior instances from 79 participants) was adequate to
accurately estimate the parameters of our IRL model (the training dataset achieved 88.47% of maximum expected
information gain (EIG) corresponding to maximum resource-available sample number 𝑛𝑚𝑎𝑥

𝑑
= 10, 000).
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3.3.4 Prediction and Forecasting. To predict or forecast the value of any feature (or a combination of features) at
any daytime interval, we sampled 10,000 behavior instances from our model using action probabilities 𝑃 (𝑎 | 𝑠)
and state transition probabilities 𝑃 (𝑠′ | 𝑠, 𝑎) starting from a given daytime interval until the target daytime
interval. For prediction, the target interval is always the next interval and the state and action features from the
starting daytime interval are always fully observable, so we only use 𝑃 (𝑠′ | 𝑠, 𝑎) for sampling. For forecasting, the
target daytime interval can be any daytime interval in the future. We then use the samples to compute conditional
probabilities of different target feature(s) values and pick the one with the highest probability as our forecast.

4 QUANTITATIVE MODEL PERFORMANCE EVALUATION
Here, we performed a series of quantitative performance evaluation experiments: 1) an ablation experiment to
investigate the importance of our features, 2) evaluation of the prediction performance of our Bayesian network
(BN), and 3) evaluation of our Bayesian IRL-based algorithm to forecast EOD functioning in two experiments.

4.1 Computing Feature Importance through Ablation Experiment
We performed feature ablation study to evaluate the effect of features on BN next time interval symptoms and
EOD functioning predictions. By progressively removing features (e.g., self-reports, actigraphy) from the complete
set of our engineered features, we created four feature sets: 1) complete feature set, 2) discarded activities, 3)
discarded activities and current symptoms, and 4) discarded activities, current symptoms, and last reported
functioning. We trained four different Bayesian networks for each set of features using data from the “BN train
set”. We compared the BIC scores [99] for each of the four BN (Table 5), where the lowest BIC is the best.
Our results showed that removing features increased the BIC score (i.e., resulted in worse models). We also

computed prediction performance metrics on the “feature validation set”, and showed that the BN with the
complete set of features had the best predictive performance (Table 5). Thus, this experiment confirmed that all
of our engineered features are informative for predicting symptoms and functioning. Our findings align with
existing clinical studies [53, 61] that show patient self-reports are important for capturing behaviors of people
with MS, as well as reflecting what people with chronic conditions are experiencing over the course of a day.

Table 5. Comparison of feature importance in terms of BIC score and prediction performance (F1-score) of next interval
symptoms (pain and fatigue) and end-of-day (EOD) functioning (LEF and UEF) using “feature validation set” data.

Feature sets BIC score

Prediction performance of Bayesian networks
(criteria: F1-score)

Next time interval
symptoms EOD functioning

Pain Fatigue LEF UEF
Complete set of features -115,109.9 66.90% 66.03% 81.74% 87.08%
Discarded activity features -69,250.9 65.02% 63.70% 78.30% 86.74%
Discarded activity and current symptom features -60,731.7 52.07% 56.85% 78.08% 80.35%
Discarded activity, current symptom, and last reported
functioning features. -28,514.8 51.23% 55.16% 63.64% 55.54%

4.2 Predicting Next Interval Symptoms and EOD Functioning of People with MS
Here, we first evaluated predicting next-time interval pain and fatigue, and EOD LEF and UEF—an intermediate
step required before forecasting EOD physical functioning. We validated symptom prediction because we sample
symptoms from our BN when forecasting EOD physical functioning. We evaluated the performance of our BN
(Fig. 4) trained on our engineered features using 10-fold [58] and leave-one-out (LOOCV) cross-validation [119]
using “BN train + validation” set (stratified ≈80% of all records to ensure all MS subtypes were represented). Note
that since people reported their functioning data only during bedtime (one time per day), there are fewer LEF
and UEF records than reported pain and fatigue records (reported five times per day) in our BN validation data.

We compared the performance of our model with existing supervised ML and deep learning (DL) baselines [36,
37, 80, 92, 123, 125] used to predict MS symptoms and functioning. We optimized each of the baselines using grid
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search-based inner-outer CV (Table 17). One baseline in particular (Logistic Regression) was used in the existing
approach [9] that we extended. Note that existing supervised ML and DL methods required four separately
trained models to predict pain, fatigue, LEF, and UEF, while our method used only a single BN for all predictions.
We reported average prediction performance metrics in Tables 6-9 along with confusion matrices and ROC-

curves for 10-fold CV. We conducted LOOCV for completeness and ensured the results were comparable with
10-fold CV; detailed LOOCV results are in the appendix. Here, we focus on 10-fold CV results because uneven
distribution of missing self-reports across many participants may lead to high variance in LOOCV performance [13,
42, 58]. Thus, we performed error analysis on incorrectly predicted instances using 10-fold CV results.

4.2.1 Predicting Momentary (Next Interval) Pain. When predicting pain, our BN outperformed all existing baseline
models with mean accuracy of 69.28% (Table 6) and ROC AUC of 0.84 (Fig. 5a). Our error analysis showed that
most prediction errors with low entropy (i.e., the model was confident about its prediction) occurred in the
boundary between low and medium pain levels (Fig. 5b), which explains low ROC AUC for predicting medium
pain. Also, next time interval prediction errors with high entropy (i.e., the model was least confident about its
prediction) occurred when participants did not record their symptoms in the current time interval.

Table 6. Stratified 10-fold CV performance comparison of BN for predicting pain at each daytime interval.

10-fold model comparison
for predicting pain

Mean Precision
(95% CI)

Mean Recall
(95% CI)

Mean F1-score
(95% CI)

Mean Accuracy
(95% CI)

Mean ROC AUC
(95% CI)

Logistic Regression [37, 123, 125]
with naive features

48.52%
(43.65%, 53.38%)

54.09%
(47.49%, 60.7%)

48.52%
(43.65%, 53.38%)

47.61%
(42.26%, 52.95%)

0.57
(0.52, 0.61)

Random Forest [92, 123]
with naive features

46.3%
(39.98%, 52.61%)

53.92%
(48.34%, 59.51%)

46.3%
(39.98%, 52.61%)

46.47%
(41.00%, 51.93%)

0.56
(0.52, 0.60)

Support Vector Machine [37, 125]
with naive features

44.57%
(37.19%, 51.94%)

51.06%
(40.67%, 61.46%)

44.57%
(37.19%, 51.94%)

42.88%
(36.23%, 49.53%)

0.50
(0.43, 0.58)

Decision Tree [80]
with naive features

45.94%
(40.05%, 51.84%)

53.79%
(48.13%, 59.44%)

45.94%
(40.05%, 51.84%)

47.16%
(41.72%, 52.60%)

0.57
(0.52, 0.61)

K-nearest Neighbors [37]
with naive features

44.17%
(38.22%, 50.11%)

51.84%
(46.27%, 57.41%)

44.17%
(38.22%, 50.11%)

41.96%
(36.50%, 47.43%)

0.53
(0.51, 0.56)

Elastic Net [36]
with naive features

48.16%
(43.19%, 53.13%)

51.35%
(42.38%, 60.33%)

48.16%
(43.19%, 53.13%)

47.11%
(41.44%, 52.78%)

0.56
(0.52, 0.61)

Gradient Boosting [36]
with naive features

48.43%
(43.59%, 53.27%)

54.0%
(47.38%, 60.61%)

48.43%
(43.59%, 53.27%)

47.52%
(42.2%, 52.84%)

0.57
(0.52, 0.61)

Ridge classifier [37]
with naive features

48.91%
(43.87%, 53.96%)

52.91%
(43.76%, 62.06%)

48.91%
(43.87%, 53.96%)

47.15%
(41.68%, 52.63%)

0.54
(0.47, 0.61)

Extra Tree classifier
with naive features

45.5%
(38.68%, 52.31%)

52.08%
(46.29%, 57.88%)

45.5%
(38.68%, 52.31%)

46.03%
(39.82%, 52.24%)

0.56
(0.51, 0.6)

Light GBM
with naive features

45.98%
(39.48%, 52.49%)

54.22%
(46.86%, 61.59%)

45.98%
(39.48%, 52.49%)

45.52%
(39.53%, 51.5%)

0.57
(0.53, 0.6)

XGBoost
with naive features

46.57%
(40.92%, 52.22%)

53.62%
(47.13%, 60.12%)

46.57%
(40.92%, 52.22%)

46.81%
(41.67%, 51.95%)

0.57
(0.53, 0.6)

AdaBoost
with naive features

48.43%
(44.2%, 52.65%)

53.92%
(48.32%, 59.53%)

48.43%
(44.2%, 52.65%)

47.32%
(43.07%, 51.57%)

0.57
(0.54, 0.61)

Multi-Layer Perceptron
with naive features

45.9%
(39.52%, 52.27%)

53.87%
(46.76%, 60.99%)

45.9%
(39.52%,52.27%)

45.41%
(38.69%, 52.12%)

0.57
(0.53, 0.61)

Naive Bayes
with naive features

47.94%
(42.48%, 53.39%)

50.74%
(44.52%, 56.97%)

47.94%
(42.48%, 53.39%)

46.95%
(41.05%, 52.85%)

0.54
(0.51, 0.58)

Naive Bayesian Network
with naive features

48.12%
(37.72%, 58.52%)

52.87%
(45.87%, 59.87%)

48.13%
(41.50%, 54.76%)

48.85%
(41.52%, 56.18%)

0.57
(0.50, 0.64)

Bayesian Network
with proposed connections
and proposed features

68.25%
(62.18%, 74.33%)

69.28%
(64.19%, 74.38%)

68.12%
(62.46%, 73.79%)

69.28%
(64.19%, 74.38%)

0.73
(0.69, 0.77)

0.0 0.2 0.8 1.00.4 0.6 
False Positive Rate

0.0

0.2

0.4

0.6

0.8

1.0

Tr
ue

 P
os

iti
ve

 R
at

e

10-fold CV ROC curve: predicting next interval "Pain"

ROC curve of class 0 Low (area = 0.84) 
ROC curve of class 1 Medium (area = 0.73) 
ROC curve of class 2 High (area = 0.84) 
reference

(a)

Low Medium High
True labels

Lo
w

H
ig

h

P
re

di
ct

ed
 la

be
ls

   
   

   
 

975 200 86

131 310 102

56 119 276

10-fold CV marginal next interval "Pain" prediction

200

400

600

800

M
ed
iu
m

(b)

Fig. 5. Results for 10-fold CV next interval pain prediction using our BN: a) ROC curve, and b) confusion matrix.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 7, No. 1, Article 7. Publication date: March 2023.



7:12 • Das Antar et al.

4.2.2 Predicting Momentary (Next Interval) Fatigue. When predicting fatigue, our BN outperformed all existing
baseline models (Table 7) with mean accuracy of 67.92%. Our model best predicts high fatigue severity with
ROC AUC of 0.86 (Fig. 6a). Most prediction errors (Fig. 6b) with low entropy occurred for participants who
prefer to report their fatigue in the boundary level (e.g., medium fatigue). Whereas, predicting sudden changes in
symptoms (e.g., from low to high fatigue) within an interval led to high entropy prediction errors. In such cases,
we suspect that there could be other factors that influence fatigue severity (e.g., sleep disturbance, cognitive load,
poor mental functioning) [7, 20, 56] that our model did not have access to from the data.

Table 7. Stratified 10-fold CV performance comparison of BN for predicting fatigue at each daytime interval.

10-fold model comparison
for predicting fatigue

Mean Precision
(95% CI)

Mean Recall
(95% CI)

Mean F1-score
(95% CI)

Mean Accuracy
(95% CI)

Mean ROC AUC
(95% CI)

Logistic Regression [37, 123, 125]
with naive features

58.66%
(53.98%, 63.34%)

58.56%
(53.29%, 63.83%)

58.66%
(53.98%, 63.34%)

55.0%
(50.27%, 59.72%)

0.58
(0.55, 0.6)

Random Forest [92, 123]
with naive features

55.46%
(51.54%, 59.38%)

55.08%
(50.08%, 60.08%)

55.46%
(51.54%, 59.38%)

53.92%
(49.47%, 58.37%)

0.58
(0.55, 0.62)

Support Vector Machine [37, 125]
with naive features

58.35%
(52.25%, 64.44%)

54.58%
(47.53%, 61.64%)

58.35%
(52.25%, 64.44%)

51.37%
(45.16%, 57.57%)

0.54
(0.51, 0.56)

Decision Tree [80]
with naive features

52.93%
(49.68%, 56.18%)

55.16%
(50.2%, 60.12%)

52.93%
(49.68%, 56.18%)

52.95%
(49.06%, 56.84%)

0.58
(0.56, 0.61)

K-nearest Neighbors [37]
with naive features

56.35%
(49.36%, 63.33%)

52.6%
(45.04%, 60.17%)

56.35%
(49.36%, 63.33%)

50.58%
(42.74%, 58.42%)

0.55
(0.52, 0.58)

Elastic Net [36]
with naive features

58.35%
(53.46%, 63.23%)

58.14%
(52.81%, 63.47%)

58.35%
(53.46%, 63.23%)

54.67%
(49.86%, 59.48%)

0.57
(0.55, 0.6)

Gradient Boosting [36]
with naive features

58.75%
(54.25%, 63.24%)

58.63%
(53.13%, 64.13%)

58.75%
(54.25%, 63.24%)

55.12%
(50.6%, 59.64%)

0.58
(0.55, 0.61)

Ridge classifier [37]
with naive features

58.7%
(53.14%, 64.26%)

55.45%
(50.36%, 60.53%)

58.7%
(53.14%, 64.26%)

52.97%
(47.31%, 58.64%)

0.57
(0.54, 0.6)

Extra Tree classifier
with naive features

56.35%
(52.87%, 59.82%)

56.66%
(52.21%, 61.11%)

56.35%
(52.87%, 59.82%)

55.01%
(51.09%, 58.93%)

0.60
(0.56, 0.63)

Light GBM
with naive features

56.57%
(51.83%, 61.3%)

58.01%
(52.43%, 63.58%)

56.57%
(51.83%, 61.3%)

55.26%
(49.85%, 60.66%)

0.60
(0.56, 0.64)

XGBoost
with naive features

56.39%
(52.54%, 60.24%)

58.3%
(52.54%, 64.07%)

56.39%
(52.54%, 60.24%)

55.87%
(51.56%, 60.18%)

0.60
(0.56, 0.64)

AdaBoost
with naive features

58.7%
(52.81%, 64.59%)

58.18%
(52.9%, 63.47%)

58.7%
(52.81%, 64.59%)

55.36%
(49.64%, 61.08%)

0.58
(0.56, 0.61)

Multi-Layer Perceptron
with naive features

55.11%
(51.6%, 58.61%)

56.95%
(52.98%, 60.91%)

55.11%
(51.6%, 58.61%)

54.51%
(50.69%, 58.33%)

0.60
(0.56, 0.63)

Naive Bayes
with naive features

55.07%
(48.21%, 61.92%)

56.23%
(51.11%, 61.35%)

55.07%
(48.21%, 61.92%)

54.07%
(48.23%, 59.91%)

0.59
(0.56, 0.61)

Naive Bayesian Network
with naive features

61.72%
(53.42%, 70.01%)

58.04%
(52.03%, 64.04%)

53.79%
(44.90%, 62.68%)

58.03%
(52.03%, 64.03%)

0.59
(0.54, 0.63)

Bayesian Network
with proposed connections
and proposed features

66.93%
(60.79%, 73.07%)

67.92%
(62.30%, 73.55%)

64.49%
(57.85%, 71.14%)

67.92%
(62.30%, 73.55%)

0.67
(0.62, 0.72)
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Fig. 6. Results for 10-fold CV next interval fatigue prediction using our BN: a) ROC curve, and b) confusion matrix.

4.2.3 Predicting EOD LEF. When predicting EOD bedtime LEF, our BN outperformed all existing baseline models
(Table 8) with mean accuracy of 80.25%. Our model better predicts high and low LEF (ROC AUC of 0.96 and
0.91 respectively) (Fig. 7a) with very few false positives. Our error analysis shows that most prediction errors
occurred in the closest boundary between medium and low LEF levels (Fig. 7b). High entropy LEF prediction
errors occurred primarily for participants with missing symptom values. In cases where the participants did not
report their symptoms during the evening, high entropy LEF prediction errors occurred. This finding also shows
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Table 8. Stratified 10-fold CV performance comparison of BN for predicting EOD bedtime Lower Extremity Functioning (LEF)

10-fold model comparison
for predicting LEF

Mean Precision
(95% CI)

Mean Recall
(95% CI)

Mean F1-score
(95% CI)

Mean Accuracy
(95% CI)

Mean ROC AUC
(95% CI)

Logistic Regression [37, 123, 125]
with naive features

49.36%
(41.84%, 56.88%)

55.23%
(43.82%, 66.63%)

49.36%
(41.84%, 56.88%)

48.48%
(39.37%, 57.6%)

0.54
(0.46, 0.63)

Random Forest [92, 123]
with naive features

54.04%
(44.74%, 63.35%)

63.19%
(50.47%, 75.92%)

54.04%
(44.74%, 63.35%)

54.65%
(44.39%, 64.90%)

0.63
(0.56, 0.71)

Support Vector Machine [37, 125]
with naive features

46.6%
(34.04%, 59.16%)

50.96%
(34.29%, 67.62%)

46.6%
(34.04%, 59.16%)

45.33%
(31.72%, 58.95%)

0.53
(0.41, 0.64)

Decision Tree [80]
with naive features

52.13%
(43.27%, 60.98%)

59.76%
(47.29%, 72.24%)

52.13%
(43.27%, 60.98%)

52.19%
(42.55%, 61.84%)

0.62
(0.54, 0.7)

K-nearest Neighbors [37]
with naive features

45.53%
(38.35%, 52.71%)

55.21%
(43.29%, 67.14%)

45.53%
(38.35%, 52.71%)

45.01%
(37.32%, 52.70%)

0.59
(0.53, 0.64)

Elastic Net [36]
with naive features

50.64%
(41.18%, 60.1%)

55.8%
(43.81%, 67.78%)

50.64%
(41.18%, 60.10%)

49.68%
(39.01%, 60.35%)

0.55
(0.46, 0.64)

Gradient Boosting [36]
with naive features

49.36%
(41.57%, 57.15%)

54.17%
(42.08%, 66.25%)

49.36%
(41.57%, 57.15%)

48.55%
(39.02%, 58.08%)

0.54
(0.46, 0.63)

Ridge classifier [37]
with naive features

51.06%
(41.93%, 60.2%)

56.43%
(44.8%, 68.06%)

51.06%
(41.93%, 60.20%)

49.11%
(38.7%, 59.52%)

0.55
(0.46, 0.64)

Extra Tree classifier
with naive features

52.98%
(45.2%, 60.75%)

60.72%
(49.24%, 72.2%)

52.98%
(45.2%, 60.75%)

53.22%
(44.48%, 61.95%)

0.63
(0.55, 0.7)

Light GBM
with naive features

50.43%
(41.87%, 58.98%)

58.89%
(48.17%, 69.61%)

50.43%
(41.87%, 58.98%)

50.37%
(41.22%, 59.51%)

0.60
(0.52, 0.68)

XGBoost
with naive features

52.34%
(44.64%, 60.04%)

61.84%
(51.9%, 71.77%)

52.34%
(44.64%, 60.04%)

52.6%
(44.68%, 60.52%)

0.62
(0.55, 0.69)

AdaBoost
with naive features

45.32%
(40.95%, 49.69%)

54.63%
(43.63%, 65.63%)

45.32%
(40.95%, 49.69%)

45.91%
(39.63%, 52.2%)

0.58
(0.52, 0.63)

Multi-Layer Perceptron
with naive features

50.43%
(40.8%, 60.05%)

57.69%
(45.98%, 69.39%)

50.43%
(40.8%, 60.05%)

51.24%
(41.06%, 61.43%)

0.61
(0.52, 0.69)

Naive Bayes
with naive features

45.32%
(31.69%, 58.95%)

49.97%
(31.9%, 68.05%)

45.32%
(31.69%, 58.95%)

41.62%
(26.09%, 57.15%)

0.54
(0.41, 0.67)

Naive Bayesian Network
with naive features

58.73%
(49.07%, 68.38%)

52.83%
(45.51%, 60.15%)

52.73%
(44.82%, 60.63%)

50.79%
(43.48%, 58.10%)

0.59
(0.49, 0.69)

Bayesian Network
with proposed connections
and proposed features

81.43%
(76.20%, 86.65%)

80.25%
(74.91%, 85.59%)

80.01%
(74.61%, 85.43%)

80.25%
(74.91%, 85.59%)

0.84
(0.81, 0.87)
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Fig. 7. Results for 10-fold CV EOD LEF prediction using our BN: a) ROC curve, and b) confusion matrix.

the necessity of analyzing meaningful behavior patterns captured by the model, when people with MS fail to
self-report their functioning at the end-of-day.

4.2.4 Predicting EOD UEF. When predicting EOD bedtime UEF, our BN outperformed all existing baseline models
(Table 9) with mean accuracy of 83.06%. Our model best predicts low and high UEF with ROC AUC of 0.92 and
0.91 respectively (Fig. 8a). Our error analysis shows that UEF prediction error accumulates near the low and
medium UEF boundaries (Fig. 8b). It is possible that such errors occurred because our activity features did not
have enough granularity to capture fine motor tasks that are characteristic of UEF. Also, high entropy UEF
prediction error occurs mostly for participants with a large number of missing actigraphy data.
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Table 9. Stratified 10-fold CV performance comparison of BN for predicting EOD Upper Extremity Functioning (UEF)

10-fold model comparison
for predicting UEF

Mean Precision
(95% CI)

Mean Recall
(95% CI)

Mean F1-score
(95% CI)

Mean Accuracy
(95% CI)

Mean ROC AUC
(95% CI)

Logistic Regression [37, 123, 125]
with naive features

57.58%
(45.39%, 69.78%)

49.58%
(34.2%, 64.96%)

57.58%
(45.39%, 69.78%)

51.7%
(37.66%, 65.74%)

0.52
(0.38, 0.66)

Random Forest [92, 123]
with naive features

56.31%
(44.18%, 68.43%)

52.72%
(35.81%, 69.62%)

56.31%
(44.18%, 68.43%)

52.3%
(37.60%, 66.99%)

0.55
(0.41, 0.68)

Support Vector Machine [37, 125]
with naive features

61.41%
(48.71%, 74.12%)

50.62%
(34.77%, 66.47%)

61.41%
(48.71%, 74.12%)

54.07%
(39.9%, 68.25%)

0.53
(0.4, 0.66)

Decision Tree [80]
with naive features

55.67%
(43.58%, 67.76%)

51.29%
(34.11%, 68.48%)

55.67%
(43.58%, 67.76%)

51.61%
(36.89%, 66.32%)

0.53
(0.39, 0.67)

K-nearest Neighbors [37]
with naive features

48.44%
(34.65%, 62.22%)

46.8%
(28.87%, 64.72%)

48.44%
(34.65%, 62.22%)

43.01%
(28.56%, 57.45%)

0.44
(0.3, 0.58)

Elastic Net [36]
with naive features

57.16%
(44.92%, 69.4%)

48.96%
(33.52%, 64.4%)

57.16%
(44.92%, 69.4%)

51.37%
(37.28%, 65.47%)

0.51
(0.37, 0.65)

Gradient Boosting [36]
with naive features

54.61%
(40.36%, 68.85%)

48.35%
(32.08%, 64.62%)

54.61%
(40.36%, 68.85%)

49.68%
(34.57%, 64.79%)

0.50
(0.38, 0.62)

Ridge classifier [37]
with naive features

56.73%
(44.15%, 69.32%)

48.59%
(32.97%, 64.2%)

56.73%
(44.15%, 69.32%)

51.11%
(36.84%, 65.38%)

0.51
(0.37, 0.65)

Extra Tree classifier
with naive features

56.95%
(45.64%, 68.25%)

53.64%
(37.53%, 69.75%)

56.95%
(45.64%, 68.25%)

52.81%
(38.63%, 66.99%)

0.56
(0.43, 0.69)

Light GBM
with naive features

50.56%
(35.66%, 65.46%)

45.29%
(28.26%, 62.32%)

50.56%
(35.66%, 65.46%)

45.8%
(30.03%, 61.57%)

0.52
(0.37, 0.63)

XGBoost
with naive features

54.61%
(38.4%, 70.81%)

51.35%
(33.05%, 69.64%)

54.61%
(38.4%, 70.81%)

51.42%
(34.15%, 68.7%)

0.56
(0.42, 0.7)

AdaBoost
with naive features

55.25%
(40.73%, 69.77%)

49.27%
(33.03%, 65.51%)

55.25%
(40.73%, 69.77%)

50.41%
(35.25%, 65.56%)

0.55
(0.45, 0.65)

Multi-Layer Perceptron
with naive features

54.18%
(37.06%, 71.3%)

49.2%
(29.69%, 68.71%)

54.18%
(37.06%, 71.3%)

49.73%
(31.22%, 68.23%)

0.54
(0.39, 0.7)

Naive Bayes
with naive features

47.19%
(30.72%, 63.65%)

45.29%
(23.85%, 66.72%)

47.19%
(30.72%, 63.65%)

43.56%
(24.07%, 63.05%)

0.45
(0.26, 0.64)

Naive Bayesian Network
with naive features

59.15%
(51.5%, 66.80%)

55.27%
(45.29%, 65.25%)

57.74%
(48.51%, 66.97%)

53.99%
(44.01%, 63.97%)

0.53
(0.46, 0.59)

Bayesian Network
with proposed connections
and proposed features

82.60%
(75.01%, 90.20%)

83.06%
(76.46%, 89.67%)

81.71%
(74.65%, 88.77%)

83.06%
(76.46%, 89.67%)

0.85
(0.80, 0.90)
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10-fold CV ROC curve: predicting end-of-day "UEF"

ROC curve of class 0 Low (area = 0.91) 
ROC curve of class 1 Medium (area = 0.85) 
ROC curve of class 2 High (area = 0.92) 
reference

(a)

Low Medium High
True labels

Lo
w

H
ig

h

P
re

di
ct

ed
 la

be
ls

 

80 7 2

8 53 8

29 27 257

10-fold CV marginal end-of-day "UEF" prediction

50

100

150

200

250

M
ed

iu
m

(b)

Fig. 8. Results for 10-fold CV EOD UEF prediction using our BN: a) ROC curve, and b) confusion matrix.

4.3 Forecasting end-of-day (EOD) Functioning of People with MS
Here, we evaluated our model’s ability to accurately forecast EOD physical functioning (LEF and UEF) using
model-unseen participants’ data within the same cohort from the “IRL forecasting test set” (stratified ≈20% of
all records). Note that when forecasting EOD functioning, prediction error compounds at each forecast step
irrespective of the model choice. In addition, time granularity (e.g., start and end intervals of forecasts) as well as
the information available to the model (e.g., self-reports, actigraphy) during different intervals of forecasting
could influence the forecasting performance.

Thus, we evaluated our model in two scenarios: 1) with both subjective and passive sensing data (i.e., complete
data) starting at each daytime interval (e.g., wake, morning, afternoon, and evening) given available data up to that
starting point in time, and 2) with subjective data only collected at the wake time interval and using only passive
sensing data (e.g., activity bouts, pace) for the rest of the day. We compared our model to an algorithm based on
an existing LSTM architecture for sensor-based human activity recognition (HAR) [25]. We also performed an
error analysis to show the feasibility of our method to forecast EOD functioning as early as when people with
MS wake up to support timely interventions.
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Table 10. Validation of Forecasting with Complete Data: Performance comparison of EOD bedtime LEF and UEF starting
from any daytime interval given available data up to that starting point in time using model-unseen “IRL test set”.

Model Starting
interval

Forecasting performance (Bedtime LEF) Forecasting performance (Bedtime UEF)
Precision Recall F1-score Accuracy ROC AUC Precision Recall F1-score Accuracy ROC AUC

LSTM [25]

Evening 64.98% 58.16% 59.62% 58.16% 0.65 59.91% 62.24% 59.20% 62.24% 0.68
Afternoon 63.21% 55.10% 57.33% 55.10% 0.64 60.53% 61.22% 57.79% 61.22% 0.68
Morning 62.19% 54.08% 56.31% 54.08% 0.61 56.25% 56.12% 52.91% 56.12% 0.62
Wake 56.72% 46.93% 49.18% 46.93% 0.58 52.45% 48.01% 48.43% 47.95% 0.61

Our
model

Evening 69.83% 65.31% 66.26% 65.31% 0.75 74.96% 71.43% 72.36% 71.43% 0.79
Afternoon 68.16% 61.22% 62.5% 61.22% 0.72 75.86% 72.45% 73.49% 72.45% 0.78
Morning 66.05% 57.14% 58.61% 57.14% 0.69 78.61% 74.49% 75.51% 74.49% 0.81
Wake 65.98% 57.14% 58.24% 57.14% 0.70 77.04% 71.43% 72.55% 71.43% 0.79
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Fig. 9. Validation of Forecasting with Complete Data: ROC curves when forecasting EOD bedtime LEF (a, b, c, d) and UEF (e,
f, g, h) starting from any daytime intervals.

4.3.1 Validation of Forecasting with Complete Data. Our results showed that our IRL-based forecasting algorithm
(given only start interval self-reports) outperformed LSTM (given available data up to that starting point in time
to look back) in forecasting end-of-day (bedtime) functioning with the best ROC AUC of 0.75 (LEF) and 0.81
(UEF) (Table 10). This experiment showed that our algorithm can forecast EOD functioning in advance starting
from any daytime interval (e.g., wake, morning, afternoon, and evening) given only start-interval self-report data,
which reduces the need for repeated self-reports for the rest of the day.

Our summary statistics show that LEF forecasting performance gradually decreased the further we started
from the bedtime interval with the highest ROC AUC of 0.75 for evening as the start interval (Table 10). Thus,
LEF appears to be associated with symptoms and behaviors that occur closer to bedtime. ROC curves (Fig. 9)
show that our model makes most errors when true EOD LEF was medium. Forecasting performance for low and
high LEF was relatively high regardless of which daytime interval we started our forecast in. Our error analysis
found that most forecasting errors occurred when participants failed to report their symptoms at the start of our
forecast. Our model performance was stable for each successive step of forecasting UEF with the highest ROC
AUC of 0.81. Thus, UEF appears to be less influenced by symptom changes across daytime intervals and depends
more on the previous day’s UEF.
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4.3.2 Validation of Forecasting with Only Passive Sensing Data. Our results showed that our model outperformed
LSTM in forecasting end-of-day (bedtime) functioning with the best ROC AUC of 0.78 (LEF) and 0.82 (UEF)
(Table 11). This experiment showed that our model can forecast EOD functioning as early as when people with
MS wake up given only passive actigraphy data without asking for any self-reports throughout the day. Our
results show that our model performance improved for both LEF and UEF when passive actigraphy data was
available unlike our previous forecasting experiment, where only initial self-reports were given to our model.
Our summary statistics and ROC curves (Fig. 10) show that LEF forecasting performance started decreasing

when afternoon and evening actigraphy data were not given. Thus, LEF appears to be more associated with
actigraphy data closer to bedtime (e.g., afternoon and evening). Similar to our previous forecasting experiment, our
model performance was stable for UEF with the highest ROC AUC of 0.82. Our results show that the availability
of passive actigraphy data throughout the day improves UEF forecasting performance.

Table 11. Validation of Forecasting with Only Passive Sensing Data: Performance comparison of EOD bedtime LEF and UEF
starting from wake interval with subjective data only collected at the wake time interval and using only passive sensing data
(e.g., activity bouts, pace) for the rest of the day up to different daytime intervals from model-unseen “IRL test set”.

Model Actigraphy
data up to

Forecasting performance (Bedtime LEF) Forecasting performance (Bedtime UEF)
Precision Recall F1-score Accuracy ROC AUC Precision Recall F1-score Accuracy ROC AUC

LSTM [25]

Evening 61.02% 56.22% 57.22% 56.22% 0.64 54.89% 57.14% 52.43% 57.14% 0.63
Afternoon 59.28% 56.12% 57.19% 56.12% 0.61 50.06% 52.04% 48.09% 52.04% 0.61
Morning 59.50% 54.08% 55.40% 54.08% 0.60 49.50% 51.02% 48.01% 51.02% 0.59
Wake 51.22% 41.84% 43.64% 41.83% 0.56 49.38% 46.93% 46.96% 46.93% 0.56

Our
model

Evening 68.53% 64.86% 63.27% 71.63% 0.78 74.49% 75.42% 74.49% 77.51% 0.82
Afternoon 61.22% 62.51% 61.22% 69.45% 0.74 73.47% 74.52% 73.47% 78.06% 0.82
Morning 60.20% 62.14% 60.20% 68.52% 0.71 76.53% 77.46% 76.53% 79.79% 0.80
Wake 63.27 59.46% 58.16% 68.52% 0.71 75.51% 76.49% 75.51% 79.19% 0.81
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Fig. 10. Validation of Forecasting with only Passive Sensing Data: ROC curves when forecasting EOD bedtime LEF (a, b, c, d)
and UEF (e, f, g, h) starting from wake interval given actigraphy data up to a daytime interval.

5 QUALITATIVE MODEL PERFORMANCE EVALUATION
Here, we present further error analysis of our forecasting method to understand where forecasting errors from
our evaluation originated. Although our quantitative results showed high performance compared to existing
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baselines, solely quantitative analysis can be misleading [41, 86]. Thus, to further debug our model, we conducted
qualitative visual explorations of model-simulated behaviors with the model designers on our team. In addition,
our domain expert assisted with formulating contextual scenarios to focus our exploration on relevant parts of
the large state space of possible situations people with MS can find themselves in. This allowed us to explore how
well the model captures actual behaviors of people with MS, in addition to simple error analysis of instances
where our model made the wrong forecasts.

5.1 Probability Sampling, Contextual Scenarios, and Visualization Properties
The domain expert on our team suggested contextual scenarios for visualizing and understanding the influence of
people’s behavior on their MS symptoms and end-of-day functioning. Here, we present a subset of most relevant
scenarios (Table 12) to illustrate the approach and our findings. For each scenario, we used our generative model
to sample 𝑁 behavior instances throughout the day based on the possible combinations of feature variables (𝑛)
that minimized the absolute error (𝜖 = 0.05) of our sample joint probability distribution estimates under fixed
confidence (1 − 𝛿 = 0.8) [65]. Then, we filtered behavior instances from model samples and data (containing
model-unseen populations) based on each “what-if” condition.

Table 12. Experimental setup for generating and simulating behavior instances in contextual scenarios suggested by the
domain expert. We selected only EOD LEF as the outcome feature for scenario 3 and 4 as symptom onsets at the end-of-day
mostly impacts people’s lower extremity functioning (LEF).

Scenario Selected features

Feature
value

combinations
number (𝑛)

Sample size
(𝑁 )

Absolute error
(𝜖)

Confidence
(1 − 𝑑𝑒𝑙𝑡𝑎) Figure

Time
independent

Time
dependent Outcome Data Model Data Model Data Model Data Model

1. Influence of
personal factors
on end-of-day
functioning

1. Gender
2. Age N.A

End-of-day (EOD)
lower extremity
functioning (LEF)

24 693 3251 0.11 0.05 0.8 0.8 Fig. 11a Fig. 11b

End-of-day (EOD)
upper extremity
functioning (LEF)

24 693 3251 0.11 0.05 0.8 0.8 Fig. 12a Fig. 12b

2. Influence of
health conditions
on end-of-day
functioning

1. MS subtype
2. Usage of
mobility aids

N.A EOD LEF 16 693 2474 0.09 0.05 0.8 0.8 Fig. 13a Fig. 13b

EOD UEF 16 693 2474 0.09 0.05 0.8 0.8 Fig. 14a Fig. 14b
3. What-if people
start their day
feeling high
fatigue during
wake and
morning interval

1. MS subtype
= Relapsing
Remitting
2. Usage of
mobility
aids = No

1. Fatigue
(high at
wake and
morning)
2. Activity
bouts

EOD LEF 46 17 4718 0.83 0.05 0.8 0.8 Fig. 15a Fig. 15b

4. What-if people
start their day
feeling low
fatigue during
wake and
morning interval

1. MS subtype
= Relapsing
Remitting
2. Usage of
mobility
aids = No

1. Fatigue
(low at
wake and
morning)
2. Activity
bouts

EOD LEF 46 188 4718 0.25 0.05 0.8 0.8 Fig. 16a Fig. 16b

For visualizing each scenario, we selected features from three categories: 1) Time-independent features (e.g.,
gender, age, MS subtype, usage of mobility aids), 2) Time-dependent features (e.g., pain, fatigue, activity bouts,
pace), and 3) outcome features (e.g., end-of-day lower extremity functioning (EOD LEF) and upper extremity
functioning (EOD UEF)). Our visualizations (Fig. 11- 16) display the relationship between these features and
end-of-day functioning at different times of the day using Sankey plots, where rectangular node heights represent
the distribution of each feature value and arc-shaped edge widths represent the source of outcome feature values
between two neighboring sources and target feature nodes from left to right.
We display the time information (e.g., wake, morning, afternoon, evening, and bed) in the X-axis of the

Sankey plot for each type of feature value. Furthermore, we selected: 1) sequential color palettes for the nodes
corresponding to age, fatigue, and activity bouts, 2) qualitative palettes for gender and MS subtype, and 3)
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diverging palettes for the EOD LEF and UEF. We choose red, yellow, green, and grey colored edges to represent
low, medium, high, and not recorded functioning outcomes across different feature values. The two authors who
designed and implemented the models presented and discussed the scenarios and corresponding visualizations
with the author with clinical expertise who evaluated whether the model captured meaningful behaviors and
existing clinical knowledge. Here, we document and explain the four most relevant scenarios from the data (“full
set”: 99 participants’ data with 693 behavior instances) and the model recommended by the domain expert.

5.2 Scenario 1: Influence of Personal Factors on end-of-day (EOD) Functioning
Despite MS not being directly inherited or contagious, epidemiologists (who study MS disease patterns) identified
that personal factors (e.g., gender, age) could impact end-of-day functioning of people with MS [107]. Therefore,
we validated that our model captured the influence of gender and age on people’s end-of-day (EOD) lower
extremity functioning (LEF) (Fig. 11) and upper extremity functioning (UEF) (Fig. 12) compared to the data it was
trained on.

Sample size = 693, Absolute error (𝜖) = 0.11, confidence (1-𝛿) = 0.8
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Fig. 11. Scenario 1 for EOD LEF: Visualizing the influence of personal factors (gender, age) on end-of-day lower extremity
functioning (EOD LEF) for: a) 693 behavior instances from the data, and b) 3,251 behavior instances sampled from the model.

Our first observation was that the model correctly captured the proportion of gender at birth and ages in the
data. Behavior instances from the data and model-generated samples indicate that older people are more likely
to report low functioning, indicating a lower susceptibility to MS among older adults [107]. Also, we found an
overestimation of behavior instances with low EOD functioning in the model compared to the data, which likely
resulted from our model trying to make a prediction for functioning values that were not recorded in the data.
Also, our model could sample from parts of the state space unrepresented in the data. For example, in the data,
males younger than 40 never reported low EOD LEF and UEF; our model can sample what happens when they do.

5.3 Scenario 2: Influence of Health Conditions on end-of-day (EOD) Functioning
During clinical visits, health conditions (e.g., MS subtype, usage of mobility aids) constitute the most perceptible
features that clinicians use to determine the pattern and progression of MS. Therefore, we compared visualizations
from the model and data to understand whether our model captured the influence of MS subtype and mobility
aids (e.g., wheelchair, cane) on people’s EOD functioning (Fig. 13 and Fig. 14).
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Fig. 12. Scenario 1 for EOD UEF: Visualizing the influence of personal factors (gender, age) on end-of-day upper extremity
functioning (EOD UEF) for: a) 693 behavior instances from the data, and b) 3,251 behavior instances sampled from the model.
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Fig. 13. Scenario 2 for EOD LEF: Visualizing the influence of health condition (MS subtype, usage of mobility aids) on
end-of-day lower extremity functioning (EOD LEF) for: a) 693 behavior instances from the data, and b) 2,474 behavior
instances sampled from the model.

We observed that our model correctly captured the distributions of MS subtype and usage of mobility aids in
the data. Data and model both indicate an elevated distribution of high UEF values relative to high LEF values,
indicating people using mobility aids face more challenges performing lower-extremity activities (e.g., mobility).
Contrary to the data, our model forecasted that people with progressive MS are less likely to use mobility aids.
This error could originate from a missing connection between MS subtype and usage of mobility aids features in
our Bayesian network. However, this error did not affect our model’s prediction and forecasting abilities as we
set these two feature values from the data as initial state variables. Nevertheless, our visualizations helped us
identify errors in the model that were otherwise difficult to spot using quantitative performance evaluation.
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Fig. 14. Scenario 2 for EOD UEF: Visualizing the influence of health condition (MS subtype, usage of mobility aids) on
end-of-day upper extremity functioning (EOD UEF) for: a) 693 behavior instances from the data, and b) 2,474 behavior
instances sampled from the model.

5.4 Scenario 3: What-if People Start their Day Feeling High Fatigue
Existing research showed that changes in MS symptoms (e.g., fatigue [104]) throughout the day could significantly
interfere with people’s daily functional ability at home and work [61, 122]. Clinical research [105] suggests that
managing activity intensity and pacing after symptom onsets help reduce the probability of low functioning.
Therefore, we analyzed the influence of activity bouts (intensity) and fatigue levels on end-of-day (EOD) lower
extremity functioning (LEF) when people start their day (wake and morning) feeling high fatigue (Fig. 15). We
already established that people who use mobility aids are more likely to report lower LEF. Therefore, to avoid
any confounds from the model predicting that people with progressive MS are disproportionately likely to not
use mobility aids, we scoped our further analysis to behaviors from people with the Relapsing-Remitting subtype
who do not use mobility aids.
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Fig. 15. Scenario 3: Visualizing the influence of fatigue and activity bouts on end-of-day lower extremity functioning (EOD
LEF) when people start their day feeling symptomatic (high fatigue during wake and morning interval). Visualizations are
shown for: a) 17 behavior instances from the data (out of 693), and b) 4,718 behavior instances sampled from the model.
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Behavior instances from data (Fig. 15a) show that a high level of fatigue at the beginning will always end
the day with low or medium functioning for people with MS. However, it is challenging to generate insights
based on only 17 behavior instances (out of 693) from the data without any example of high EOD LEF. Even in
this underrepresented scenario, our model-generated samples (Fig. 15b) provided insights into the possibility
of recovery (e.g., high functioning) by showing some salient paths (thick edges) of high LEF for people who
start their day with high fatigue. Model samples showed that people are more likely to have high fatigue during
bedtime and low EOD functioning if they continuously perform high activity bouts. In contrast, few salient
paths from the model indicated that people who manage and lower their activity bouts throughout the day
could experience lower fatigue during bedtime and achieve high EOD LEF. Also, our model detected an increase
in missing fatigue values before bedtime, following a similar trend in the data, and demonstrated people with
end-of-day missing fatigue values are likely to end their day with low EOD LEF. This highlights a use-case where
our model could be used to detect high fatigue during wake and morning intervals and send people with MS or
their caregivers reminders about “just-in-time clinical" interventions to help improve EOD functioning.

5.5 Scenario 4: What-if People Start their Day Feeling Low Fatigue
According to our domain expert, minimal symptom levels during the morning boost people’s endurance and
active time [104]. However, controlling energy expenditure based on daily activity intensity is necessary to
manage MS episodes and exacerbation. Therefore, we assessed the effect of activity bouts (intensity) and fatigue
levels on EOD LEF when people start their day (wake and morning) with low fatigue levels (Fig. 16).
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Fig. 16. Scenario 4: Visualizing the influence of fatigue and activity bouts on end-of-day lower extremity functioning (EOD
LEF) when people start their day with minimal symptoms (low fatigue during wake and morning interval). Visualizations are
shown for: a) 188 behavior instances from the data (out of 693), and b) 4,718 behavior instances sampled from the model.

Behavior instances from data (Fig. 16a) show that people are more likely (188 behavior instances out of 693)
to start their day with low fatigue and mostly report high EOD LEF. However, our model-generated samples
(Fig. 16b) show that people can still have low EOD LEF despite starting the day with minimal fatigue. In both data
and the model, we observed that high activity bouts and fatigue lead the salient paths (thick edges) toward low
EOD LEF. Conversely, the salient pathways leading to high EOD LEF involve episodes of low activity bouts and
low fatigue. The domain expert on our team pointed out that people may overdo high activity bouts if they start
the day with minimal fatigue. Thus, continuous high activity bouts can exacerbate the progressions of fatigue,
which could explain our model overestimating low EOD LEF in this scenario. The ability of our model to forecast
low EOD LEF when people overdo activities informs a use-case where the model could be used to detect when to
encourage people with MS to manage their activity intensity and pace.
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6 DISCUSSION
Our work showed the feasibility of formalizing the behaviors of people with MS in a computational model to
enable forecasting their end-of-day (EOD) physical functioning as early as when they wake up. Our results are
the first step towards more accurate forecasting of the functioning of people with MS that can be used to deploy
real-world just-in-time interventions. In particular, our results point to additional features that could further
improve the performance of our algorithm. Our feature ablation experiment established that demographics and
contextual factors alone cannot predict MS symptoms and functioning. Instead, our results showed the value of
self-reported symptoms and functioning as well as passively sensed activity data.

However, despite its value, collecting self-reported symptoms five times per day could be tedious and burden-
some. Our results showed that our method can forecast EOD physical functioning without the need to repeatedly
collect self-reported symptoms. Our method samples possible symptoms in next time intervals using our BN.
Although the performance of our BN when predicting the highest probability next time interval pain and fatigue
has room for improvement, our forecasting evaluation showed that the forecasting performance of our algorithm
was not affected by it. This is because our forecasting algorithm does not use only the most likely symptom
level—it uses the probability distribution over different symptom levels. This is supported by our findings that
most of the symptom prediction errors happened in the boundary between symptom values. In such cases, the
next most probable symptom value was almost always the correct one.
Our model performance did not degrade in our carefully designed evaluation experiments (LOOCV, 10-fold

CV) following the best practices from applied ML, thus showing the stability and feasibility of our algorithm. We
argued that uneven distributions of missing self-reported values across such a large number of participants in
the data may lead to a high variance in model performance estimated using LOOCV, even when such results
are as good as ours. There are potential future scopes to tackle this problem by improving the data collection
protocol to reduce the number of missing values and generate synthetic data by the model that captures behavior
characteristics behind missing value generation.

Nevertheless, our results point to ways to improve symptom prediction. Our error analysis showed that most
prediction errors occurred in the symptom value boundaries (e.g., between low and medium, medium and high)
and during sudden shifts between low and high symptom levels. We suspect that in such cases, other factors
(such as sleep disturbances, cognitive load, and poor mental functioning) [7, 20, 56] that were not present in
our dataset could affect symptom severity. Such improvement is particularly important because our evaluation
showed that it is difficult to predict the bedtime EOD functioning of participants who have a higher percentage
of missing self-reported data.

Our findings showed the value of using passively collected activity intensity and pacing data to forecast physical
functioning. However, our evaluation also showed that the activity features contributed only a small increase in
forecasting performance of LEF and UEF despite clinical research suggesting a stronger relationship [3, 61, 95].
Instead, in our forecasts, UEF depended more on the previous day’s UEF, and LEF depended more on self-reported
symptoms data closer to bedtime. One way to improve forecasting performance could be to collect actigraphy
features at a finer granularity (e.g., sampling at a higher frequency) combined with activity recognition (e.g.,
detecting Activities of Daily Living that participants performed at different times of day).
Our forecasting algorithm was most accurate at forecasting high and low levels of LEF and UEF (with AUC

ROC ranging from 0.8 to over 0.9). Accurately forecasting those two functioning values is the most important
prerequisite for deciding to recommend just-in-time interventions when people with MS need them the most
(e.g., when they are at risk of reduced functioning) with few false alarms (e.g., notifying them to reduce their
activity intensity or to pace themselves unnecessarily).
We further qualitatively evaluated our model using visual model exploration, which was meant to aid model

designers on our team to detect errors by visually exploring patterns of behavior captured in our model. Such
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errors could otherwise be difficult to spot using solely quantitative performance evaluation. We did not aim to
generate new medical insight from our visual explorations of contextual scenarios. Instead, we aimed to validate
(from the model designer’s perspective) whether our model provided reasonable functioning level predictions
that reflect already known clinical insights.
Despite our careful feature engineering, principled human-centered behavior modeling, and comprehensive

evaluation, our approach comes with some limitations. For example, we trained and evaluated our model on a
single cohort of 99 people with MS. Although we used one of the largest available datasets, more data will almost
always lead to better model performance and a lower chance of overfitting. However, such limitation is likely to
persist in practice too, since it is exceptionally challenging and time-consuming to collect data in the wild for
people with clinically confirmed chronic conditions, such as MS. As a result, data availability and the size needed
to train and test models that forecast functioning of people with MS will always be a challenge.

To account for the lack of other datasets, we followed existing applied machine learning best practices (record-
wise and subject-wise data splitting) to generate separate sets for feature selection, model development, training,
and validation to reduce the effects of overfitting. We ensured that our training, validation, and test sets had
coverage across labels using stratification based on MS subtype. To test for the generalizability of our model to
other people with MS within our clinical population, we used data from the model-unseen hold-out test set to
minimize the chances of identity confounding problems [77].
Although our method is general enough to generalize to modeling other cohorts of people with MS and

potentially apply to people with other similar chronic conditions, we make no attempt to show any evidence
for the transfer of knowledge to any other population (e.g., people with MS from another clinical center). In
precision health, translating the predictive knowledge of a behavior model across various cohorts of patients
with different environmental conditions from various healthcare institutions (e.g., hospitals, medical centers) is a
known challenge [101]. For example, a model that can predict the mortality rate in ICU for one hospital may not
predict the same with similar accuracy in other hospitals [38, 96]. There is scope for improving the ML model’s
ability to transfer clinical knowledge across populations in the future for ensuring broader adoption of ML.

7 CONCLUSION AND FUTURE WORK
In this paper, we presented our human-centered method for modeling behaviors of people with MS to forecast
their physical functioning. Although our model is designed specifically to forecast the functioning of people with
MS, the potential applications of our method to forecast the functioning of people with similar neurological and
chronic conditions are evident. Our comprehensive model evaluation, which included quantitative and qualitative
visual model exploration has implications for human-centered appliedML approaches to support future ubiquitous
computing applications (e.g., activity-based ubiquitous computing [68], human-centeredmachine learning (HCML)
[40, 97], eXplainable Activity Recognition (XAR) [15]).
Our findings motivate future research that should explore and identify features that could further improve

our forecasting performance (e.g., sleep quality, traces of fine upper extremity movement, ADLs). This has
implications not only for what data to include in future data collection but also for future activity sensing and
smart ubiquitous tracking technology used to collect the data. For example, we identified that coarse actigraphy
data sampled at low frequencies provide poor physical activity features to predict upper extremity functioning
(UEF) associated with fine motor skills. Future research could explore if higher frequency actigraphy combined
with cost-efficient privacy-preserving ubiquitous sensing [48] could generate data that improve our forecasting
performance. However, it is also important to consider the computational costs associated with additional features
that influence each other (e.g., activities, symptoms, and functioning).

Our work currently targets model developers by providing limited interaction (i.e., interpreting static visualiza-
tions), which can help them debug the model compared to data. Such detailed error analysis would not have been
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possible using only quantitative methods or would have been otherwise very tedious. However, our work has
implications for designing future user interfaces that will target clinicians and end-users (e.g., people with MS).
For example, our qualitative validation through static visualizations could inform the design of future interactive
visualization tools that allow clinicians to interact with the model, explain model decisions, and identify the
effects of such models on various stakeholders. However, designing such interfaces is not trivial and it will require
iterative design and evaluation of different prototypes at different levels of fidelity.

Our research informs the design of behavior-aware user interfaces that deliver just-in-time clinical interventions
to help people withMSmanage their symptoms and physical functioning before theyworsen. Thus, future research
could explore how to design interfaces to deliver interventions, such as “day planning” [35, 45, 60, 64, 72, 103]
and “activity pacing" [1–3], based on our model forecasts and validate such interventions in a clinical setting. Our
work could inform the design and development of ubiquitous computing systems and interactive behavior-aware
technologies to enable more people with MS to access healthcare and self-manage their functioning.
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A APPENDIX AND SUPPLEMENTARY MATERIALS

A.1 Leave-one-out Cross Validation for Next interval Pain Prediction

Table 13. Leave-one-out cross-validation (LOOCV) performance comparison of Bayesian Network with the proposed feature
engineering approach to predict next interval pain for people with MS across different daytime intervals.

LOOCV model comparison
for predicting pain Mean Precision Mean Recall Mean F1-score Mean Accuracy Mean ROC AUC

Logistic Regression
with naive features 54.91% 48.78% 51.40% 48.78% 0.56

Random Forest
with naive features 48.86% 45.23% 46.82% 45.23% 0.54

Support Vector Machine
with naive features 50.36% 45.48% 47.59% 45.48% 0.54

Decision Tree
with naive features 48.44% 45.03% 46.54% 45.03% 0.54

K-nearest Neighbors
with naive features 50.41% 44.55% 46.84% 44.55% 0.53

Elastic Net
with naive features 51.63% 44.90% 47.46% 44.90% 0.53

Gradient Boosting
with naive features 50.21% 45.06% 47.10% 45.06% 0.54

Ridge classifier
with naive features 51.29% 45.73% 47.94% 45.73% 0.54

Extra Tree classifier
with naive features 48.50% 55.08% 45.50% 49.03% 0.56

Light GBM
with naive features 49.98% 54.27% 46.88% 46.52% 0.57

XGBoost
with naive features 49.57% 56.62% 49.57% 49.81% 0.57

AdaBoost
with naive features 52.43% 53.12% 53.34% 53.12% 0.57

Multi-Layer Perceptron
with naive features 48.80% 53.87% 48.80% 48.41% 0.57

Naive Bayes
with naive features 51.63% 45.13% 47.64% 45.13% 0.53

Naive Bayesian Network
with naive features 51.12% 53.87% 52.13% 50.35% 0.56

Bayesian Network
with proposed connections
and proposed features

69.34% 68.03% 68.50% 68.02% 0.73
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Fig. 17. Results for Leave-one-out cross validation (LOOCV) next interval pain prediction using our BN: a) ROC curve, and b)
confusion matrix.
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A.2 Leave-one-out Cross Validation for Next interval Fatigue Prediction

Table 14. Leave-one-out cross-validation (LOOCV) performance comparison of Bayesian Network with the proposed feature
engineering approach to predict fatigue for people with MS across different daytime intervals.

LOOCV model comparison
for predicting fatigue Mean Precision Mean Recall Mean F1-score Mean Accuracy Mean ROC AUC

Logistic Regression
with naive features 64.47% 57.82% 67.19% 57.82% 0.53

Random Forest
with naive features 65.03% 52.66% 57.38% 52.66% 0.52

Support Vector Machine
with naive features 63.27% 53.92% 61.03% 53.92% 0.51

Decision Tree
with naive features 64.22% 51.27% 56.20% 51.27% 0.53

K-nearest Neighbors
with naive features 62.16% 50.55% 54.96% 50.55% 0.51

Elastic Net
with naive features 64.27% 51.77% 57.54% 51.77% 0.51

Gradient Boosting
with naive features 64.03% 51.81% 57.09% 51.81% 0.51

Ridge classifier
with naive features 65.34% 52.56% 58.37% 52.56% 0.51

Extra Tree classifier
with naive features 64.35% 56.56% 56.43% 53.01% 0.53

Light GBM
with naive features 63.56% 53.01% 53.17% 54.36% 0.55

XGBoost
with naive features 61.36% 53.30% 53.33% 54.35% 0.53

AdaBoost
with naive features 64.80% 52.38% 53.70% 52.47% 0.55

Multi-Layer Perceptron
with naive features 65.71% 53.57% 54.44% 54.51% 0.51

Naive Bayes
with naive features 66.76% 52.70% 57.90% 52.70% 0.53

Naive Bayesian Network
with naive features 63.72% 58.14% 55.79% 58.14% 0.59

Bayesian Network
with proposed connections
and proposed features

73.60% 65.76% 68.48% 65.76% 0.65
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Fig. 18. Results for Leave-one-out cross validation (LOOCV) next interval fatigue prediction using our BN: a) ROC curve,
and b) confusion matrix.
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A.3 Leave-one-out Cross Validation for EOD LEF Prediction

Table 15. Leave-one-out cross-validation (LOOCV) performance comparison of Bayesian Network with the proposed feature
engineering approach to predict the end-of-day Lower Extremity Functioning (EOD LEF) for people with MS.

LOOCV model comparison
for predicting LEF Mean Precision Mean Recall Mean F1-score Mean Accuracy Mean ROC AUC

Logistic Regression
with naive features 56.82% 53.40% 55.35% 53.40% 0.64

Random Forest
with naive features 54.99% 52.77% 53.35% 52.77% 0.64

Support Vector Machine
with naive features 55.81% 52.41% 53.26% 52.41% 0.64

Decision Tree
with naive features 52.58% 49.79% 50.58% 49.79% 0.62

K-nearest Neighbors
with naive features 48.28% 45.96% 46.65% 45.96% 0.59

Elastic Net
with naive features 50.52% 44.01% 45.55% 44.01% 0.57

Gradient Boosting
with naive features 47.64% 42.67% 43.98% 42.67% 0.56

Ridge classifier
with naive features 48.69% 43.99% 45.22% 43.99% 0.57

Extra Tree classifier
with naive features 53.47% 52.72% 52.48% 53.72% 0.63

Light GBM
with naive features 53.43% 55.53% 53.34% 54.12% 0.62

XGBoost
with naive features 54.34% 56.48% 55.18% 54.65% 0.61

AdaBoost
with naive features 47.32% 53.32% 47.32% 47.91% 0.57

Multi-Layer Perceptron
with naive features 52.43% 59.93% 53.16% 54.14% 0.60

Naive Bayes
with naive features 50.05% 44.52% 46.01% 44.52% 0.58

Naive Bayesian Network
with naive features 58.73% 53.83% 55.73% 53.79% 0.59

Bayesian Network
with proposed connections
and proposed features

80.41% 79.36% 79.71% 79.36% 0.84
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LOOCV ROC curve: predicting end-of-day "LEF"
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Fig. 19. Results for Leave-one-out cross-validation (LOOCV) EOD LEF prediction using our BN: a) ROC curve, and b)
confusion matrix.
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A.4 Leave-one-out Cross Validation for Next interval UEF Prediction

Table 16. Leave-one-out cross-validation (LOOCV) performance comparison of Bayesian Network with the proposed feature
engineering approach to predict the end-of-day Upper Extremity Functioning (EOD UEF) for people with MS.

LOOCV model comparison
for predicting UEF Mean Precision Mean Recall Mean F1-score Mean Accuracy Mean ROC AUC

Logistic Regression
with naive features 67.77% 57.23% 64.20% 57.23% 0.56

Random Forest
with naive features 62.68% 53.94% 57.20% 53.94% 0.56

Support Vector Machine
with naive features 67.91% 55.82% 60.28% 55.82% 0.56

Decision Tree
with naive features 61.91% 53.67% 56.84% 53.67% 0.56

K-nearest Neighbors
with naive features 60.74% 52.00% 55.33% 52.00% 0.54

Elastic Net
with naive features 65.40% 52.77% 57.37% 52.77% 0.53

Gradient Boosting
with naive features 61.81% 51.43% 55.33% 51.43% 0.53

Ridge classifier
with naive features 63.00% 52.02% 56.15% 52.02% 0.53

Extra Tree classifier
with naive features 61.85% 55.71% 56.95% 55.13% 0.56

Light GBM
with naive features 60.56% 54.90% 57.56% 53.8% 0.52

XGBoost
with naive features 61.81% 55.35% 57.11% 52.51% 0.54

AdaBoost
with naive features 63.25% 52.71% 56.34% 52.14% 0.56

Multi-Layer Perceptron
with naive features 65.28% 52.31% 55.23% 51.43% 0.56

Naive Bayes
with naive features 60.6% 51.56% 55.05% 51.56% 0.54

Naive Bayesian Network
with naive features 61.15% 59.27% 61.74% 59.99% 0.57

Bayesian Network
with proposed connections
and proposed features

82.95% 80.64% 81.31% 80.64% 0.81
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Fig. 20. Results for Leave-one-out cross validation (LOOCV) EOD UEF prediction using our BN: a) ROC curve, and b)
confusion matrix.

A.5 Model Hyperparameters
We used the Grid Search Cross-validation method to tune the model hyperparameters.
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Table 17. Model hyperparameters using grid search cross-validation method for the prediction tasks.

Model Hyperparameter value
Pain prediction Fatigue prediction LEF prediction UEF prediction

Logistic Regression {’C’: 1.0, ‘penalty’: ‘l2‘} {’C’: 0.1, ’penalty’: ’l2’} {‘C’: 0.001, ’penalty’: ’l2’} {’C’: 0.01, ’penalty’: ’l2’}

Random Forest {’max_depth’: 50, ’min_samples_split’: 2,
’n_estimators’: 400, ’criterion’: ’entropy’}

{’max_depth’: 10, ’min_samples_split’: 10,
’n_estimators’: 600, ’criterion’: ’entropy’}

{’max_depth’: 10, ’min_samples_split’: 10,
’n_estimators’: 200, ’criterion’: ’entropy’}

{’max_depth’: 100, ’min_samples_split’: 10,
’n_estimators’: 400, ’criterion’: ’entropy’}

Support Vector Machine {’C’: 0.5, ’kernel’: ’linear’, ’tol’: 0.001} {’C’: 0.1, ’kernel’: ’rbf’, ’tol’: 0.001} {’C’: 0.5, ’kernel’: ’sigmoid’, ’tol’: 0.01} {’C’: 0.1, ’kernel’: ’linear’, ’tol’: 0.001}

Decision Tree {’criterion’: ’entropy’, ’max_depth’: 50,
’min_samples_split’: 50}

{’criterion’: ’gini’, ’max_depth’: 50,
’min_samples_split’: 10}

{’criterion’: ’entropy’, ’max_depth’: 100,
’min_samples_split’: 10}

{’criterion’: ’entropy’, ’max_depth’: 100,
’min_samples_split’: 2}

K-nearest Neighbors {’n_neighbors’: 7, ’weights’: ’distance’,
’leaf_size’: 30}

{’n_neighbors’: 7, ’weights’: ’uniform’,
’leaf_size’: 30}

{’n_neighbors’: 5, ’weights’: ’distance’,
’leaf_size’: 30}

{’n_neighbors’: 7, ’weights’: ’distance’,
’leaf_size’: 30}

Elastic Net {’penalty’ = ’elasticnet’, ’l1_ratio’ = 0.9,
’solver’ = ’saga’}

{’penalty’ = ’elasticnet’, ’l1_ratio’ = 0.9,
’solver’ = ’saga’}

{’penalty’ = ’elasticnet’, ’l1_ratio’ = 0.9,
’solver’ = ’saga’}

{’penalty’ = ’elasticnet’, ’l1_ratio’ = 0.9,
’solver’ = ’saga’}

Gradient Boosting {’loss’: ’log_loss’, ’learning_rate’: 0.5,
’n_estimators’: 500}

{’loss’: ’log_loss’, ’learning_rate’: 0.1,
’n_estimators’: 200}

{’loss’: ’log_loss’, ’learning_rate’: 0.5,
’n_estimators’: 500}

{’loss’: ’log_loss’, ’learning_rate’: 0.5,
’n_estimators’: 100}

Ridge classifier {’alpha’: 0.5, ’tol’: 0.01} {’alpha’: 1, ’tol’: 0.01} {’alpha’: 0.5, ’tol’: 0.01} {’alpha’: 0.5, ’tol’: 0.01}

Extra Tree classifier {’criterion’: ’entropy’, ’min_samples_leaf’: 2,
’min_samples_split’: 5}

{’criterion’: ’entropy’, ’min_samples_leaf’: 2,
’min_samples_split’: 5}

{’criterion’: ’entropy’, ’min_samples_leaf’: 2,
’min_samples_split’: 2}

{’criterion’: ’gini’, ’min_samples_leaf’: 1,
’min_samples_split’: 2}

Light GBM {’boosting_type’ = ’gbdt’, ’num_leaves’ = 31,
n_estimators = 100}

{’boosting_type’ = ’gbdt’, ’num_leaves’ = 50,
n_estimators = 500}

{’boosting_type’ = ’gbdt’, ’num_leaves’ = 50,
n_estimators = 100}

{’boosting_type’ = ’gbdt’, ’num_leaves’ = 50,
n_estimators = 200}

XGBoost {’booster’: ’gbtree’, ’max_depth’: 5,
’gamma’: 0.01}

{’booster’: ’dart’, ’max_depth’: 6,
’gamma’: 0.01}

{’booster’: ’gbtree’, ’max_depth’: 5,
’gamma’: 0}

{’booster’: ’gbtree’, ’max_depth’: 6,
’gamma’: 0.01}

AdaBoost {’algorithm’: ’SAMME’, ’n_estimators’: 100} {’algorithm’: ’SAMME’, ’n_estimators’: 200} {’algorithm’: ’SAMME’, ’n_estimators’: 500} {’algorithm’: ’SAMME’, ’n_estimators’: 300}

Multi-Layer Perceptron
{’activation’: ’logistic’, ’hidden_layer_sizes’: (100,),

’solver’: ’adam’, ’L2 strength’: 0.0001,
’learning_rate’: 0.001}

{’activation’: ’logistic’, ’hidden_layer_sizes’: (300,),
’solver’: ’adam’, ’L2 strength’: 0.0001,

’learning_rate’: 0.001}

{’activation’: ’relu’, ’hidden_layer_sizes’: (200,),
’solver’: ’adam’, ’L2 strength’: 0.0001,

’learning_rate’: 0.001}

{’activation’: ’logistic’, ’hidden_layer_sizes’: (100,),
’solver’: ’adam’, ’L2 strength’: 0.0001,

’learning_rate’: 0.001}
Naive Bayes {’var_smoothing’: 0.01} ’solver’: ’adam’, ’L2 strength’: 0.0001, {’var_smoothing’: 0.5} {’var_smoothing’: 0.5}

Our Bayesian Network {‘estimator‘ = ‘Bayesian estimator‘, ‘inference‘ = ‘maximum weighted likelihood sampling‘}
feature nodes and connections were made following findings from existing research and consulting with a domain expert
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