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Abstract

This study followed patients suffering from
chronic pain and aimed to predict their health
states. To this end, we conducted a clinical
study in which patients were digitally mon-
itored via clinically validated questionnaires
(SF-36 and EQ-5D) and continuously collected
cellphone usage data. We present a novel
two-step approach for utilizing the immense
amounts of unlabeled cellular logs in a super-
vised, binary classification problem and predict-
ing patient-reported outcomes from objective
cellphone usage data. Reaching an accuracy of
0.827 for women and 0.898 for men, our clas-
sification results show the feasibility of using
cellphone monitoring data for patient state pre-
diction. Such a capability may enrich periodic
clinical assessments with frequent digital follow-
ups, assist in disease management for chronic
patients, and raise awareness whenever neces-
sary.
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Data and Code Availability In this paper, we
analyze data from a clinical study at the Pain Unit
of Sheba Medical Center in Israel. Due to consent
restrictions, this data cannot be shared. The code is
customized to process this data and includes details
that may reveal aspects of the data. Moreover, the
code operates in a highly regulated environment that
restricts any export. Hence, we cannot share the code
as well. However, the pipeline is heavily based on the
scikit-learn Python package (Pedregosa et al., 2011),
and we provide sufficient details to reconstruct the
pipeline.

1. Introduction

Chronic pain exerts an enormous burden on society,
healthcare systems, and individuals, affecting more
than 30% of people worldwide (Cohen et al., 2021).
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It significantly disrupts patient routines and reduces
their quality of life. Lately, machine learning solu-
tions and data-driven approaches have been used in
chronic pain research in attempts to ease the burden
(Santana et al., 2020).

This work explores the feasibility of using cellphone
usage data to predict the states of patients suffering
from chronic pain. For this purpose, we carried out
a six-month observational clinical study at the Pain
Unit of Sheba Medical Center involving participants
exclusively diagnosed with chronic pain. The experi-
mental setup involved continuously gathering and an-
alyzing cellular usage data (logs of app usage and
cellphone events) from a cohort of 91 participants.

In addition, patients were asked to fill out two types
of health-related quality of life (HRQL) question-
naires to monitor their health states. With the guid-
ance of the research assistant, they manually filled
out the SF-36 questionnaire (Ware et al., 1993) three
times during the study - in the beginning, middle, and
end. On their own time and ideally every week, they
were asked to digitally fill out the EQ-5D-5L ques-
tionnaire (Rabin and Charro, 2001), which is shorter
and clinically validated for mobile devices (Kamstra
et al., 2022). We provide a detailed statistical anal-
ysis of the patient-reported outcomes measured by
these two questionnaires.

The information provided by the patients in their
EQ-5D reports served as the basis for our su-
pervised prediction task. Based on the relevant
value set (Pickard et al., 2019), we converted the
five dimensions of the EQ-5D questionnaire (mobil-
ity, self-care, usual activities, pain/discomfort, and
anxiety/depression) into a continuous health index.
Then, we performed binary classification on the joint
HRQL measure. Using the accepted cutoff of 0, indi-
cating a health state as bad as death (Devlin et al.,
2020a), we divided the states into worse-than-death
health states (0) and otherwise (1). In this binary
setting, we aimed to determine whether a patient’s
health state was so severe that they considered it to
be worse than death.

We present a novel two-step method for utilizing
the immense amounts of unlabeled cellular logs in
a supervised classification problem. First, we con-
struct a new representation of the cellphone usage
data using classic and deep unsupervised methods,
such as clustering, manifold learning, auto-encoding,
and self-learning. The new representation is designed
to capture typical patterns of behavior, as reflected
by cellphone usage, and highlight deviations from

these patterns on a weekly basis. Then, we apply su-
pervised classification algorithms to predict patients’
health states depending on the resemblance between
their current usage and their normal behavior.

Interestingly, our data analysis points to engage-
ment differences between men and women, as the fe-
male participants tended to fill out the EQ-5D and
SF-36 questionnaires more often than the male par-
ticipants. Nonetheless, in terms of health state sever-
ity, no statistically significant differences were found
between the reported health states of the two gen-
ders in either questionnaire. In our tested settings,
gender-specific classification models consistently out-
performed generic (gender-agnostic) models.

Our classification results, reported on a held-out
test set, demonstrate promising, statistically vali-
dated outcomes, which support the viability of utiliz-
ing cellphone monitoring data to predict chronic pain
states. Such capability can potentially enhance regu-
lar clinical evaluations with frequent digital follow-
ups, assist in disease management for chronic pa-
tients, and prompt awareness whenever necessary.

This study offers two main contributions. The first
is methodological in the form of the two-step method
we suggest for transforming mobile sensing data into
predictors in a supervised classification problem. An
earlier version of this method! was also applied in a
previous study aiming to predict the imminent sui-
cide risk of adolescents previously diagnosed with de-
pression (Stemmer et al., 2024). The method’s ability
to provide good predictions for different populations
and indications shows its adaptability and general-
ization power.

The second key aspect is the clinical contribution.
Given the inherent challenges in pain assessment
(Hadjiat and Arendt-Nielsen, 2023) and the growing
need for digital biomarkers to facilitate quantitative,
data-driven, and evidence-based clinical measure-
ment (Rejula et al., 2021; Hadjiat and Perrot, 2022),
digital monitoring offers a more objective, continu-
ous, and scalable solution for evaluating and manag-
ing pain, including severe pain episodes (EFIC, 2022).
Notably, due to the high accuracy of our model’s re-
sults, it may assist clinicians in remotely detecting
severe pain episodes and implementing timely inter-
ventions for patients in greatest need. This might
allow the patients acute intervention without the ef-
fort of coming to the clinic (Bartels et al., 2024).

1. In this study, we enhanced the method and added two
additional transformations, PCT and DCT, that will be
explained in the sequel.
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The rest of the paper is organized as follows: In
section 2, we provide a literature review of the two
questionnaires used in the study, SF-36 (2.1) and EQ-
5D (2.2), and how mobile sensing data was previously
used for predicting patient-reported outcomes (2.3).
In section 3, we explain the clinical study we con-
ducted (3.1), describe in detail the collected data and
how they were used (3.2, 3.3), and provide descrip-
tive statistics of the population (3.4). In section 4,
we detail the two-step mechanism, the unsupervised
learning representation step (4.1) and the supervised
classification step (4.2). In section 5, we present the
classification results (5.2) and discuss the findings’
implications (5.3). We conclude in section 6.

2. Background and Related work
2.1. SF-36 for Measuring Chronic Pain

The SF-36 questionnaire is a useful monitoring tool
for patients with chronic pain (Elliott et al., 2003;
Lin et al., 2024). It measures HRQL using 36 ques-
tions within eight concepts: physical functioning,
bodily pain, role limitations due to physical health
problems, role limitations due to personal or emo-
tional problems, emotional well-being, social func-
tioning, energy/fatigue, and general health percep-
tions. Each domain is measured on a scale from 0
(meaning worst possible health) to 100 (meaning per-
fect health) (Ware Jr, 2000).

The SF-36 questionnaire has been widely used
for measuring HRQL in patients with chronic pain
(Jéromi et al., 2021; Veresciagina et al., 2007). As
can be expected, patients suffering from chronic pain
reported significantly lower SF-36 scores compared
to the general population (Veresc¢iagina et al., 2007;
Torrance et al., 2009). Previous studies showed that
mean bodily pain scores of patients with chronic pain
range from approximately 35 in severe cases when
the patients suffer from multiple pain sites (Dominick
et al., 2011) to 64 in other cases (Jaromi et al., 2021;
Iguti et al., 2021). The equivalent means of the con-
trol groups who did not suffer from chronic pain were
over 80 (Dominick et al., 2011; Tguti et al., 2021).

2.2. EQ-5D as a Patient-Reported Outcome

The EQ-5D questionnaire is a standardized, generic
measure of HRQL (Group, 1990). It is widely used
in clinical and economic appraisal and population
health surveys. EQ-5D assesses health status in
five dimensions: mobility, self-care, usual activities,

pain/discomfort, and anxiety /depression. In the EQ-
5D-3L version, each dimension has three levels: no
problems, some problems, and extreme problems.
In the EQ-5D-5L version, designed to improve the
instrument’s sensitivity and reduce ceiling effects,
each dimension has five levels: no problems, slight
problems, moderate problems, severe problems, and
extreme problems (Oemar, 2013; Herndndez Alava
et al., 2023).

EQ-5D is designed for self-completion by respon-
dents and can hence be referred to as a patient-
reported outcome measure (Devlin et al., 2020b). Pa-
tients can complete the questionnaire themselves to
provide information about their current health status
and how it changes over time. The patient indicates
their health state by choosing the most appropriate
statement in each dimension, and their decision is
associated with a 1-digit number that expresses the
level selected for that dimension. The digits for the
five dimensions can be combined into a 5-digit num-
ber describing the patient’s health state. In the EQ-
5D-5L version, the best health state is represented by
11111, and the worst by 55555 (Pan et al., 2022).

The health state captured by the EQ-5D is often
converted into a single index, summarizing the pa-
tient’s health using a country-specific value set (Oe-
mar, 2013). A value set consists of weights attached
to each level in each dimension, and a designated for-
mula converts the EQ-5D health state into a single
value on a scale anchored at 1 (meaning full health)
and 0 (meaning a state as bad as death). The scale
allows negative values to be assigned to health states
considered worse than dead. In the absence of a des-
ignated value set for a specific country, the analysis
should be based on a value set for a similar country
(Devlin et al., 2020a).

2.3. Mobile App Data for Chronic Pain
Prediction

Advances in mobile sensing technologies enable the
bridging of current gaps in traditional health moni-
toring (Kelly et al., 2017). While clinical assessments
are collected periodically, mobile sensing data are col-
lected in real-time, 24/7, and may provide instanta-
neous insights (Mullick et al., 2022). Furthermore,
sensing data are objective, in contrast to the subjec-
tive responses to questionnaires and clinical assess-
ments, which also rely on patient memory and com-
pliance (Morshed et al., 2019).
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Recently, mobile apps and sensing data have been
used in chronic pain research. While substantial work
has shown the benefits of using mobile apps for pain
monitoring and management (Aung et al., 2016; Zhao
et al., 2019; Thomson et al., 2024), studies focusing
on chronic pain prediction are still limited. Dor-
ris et al. (2024) demonstrated the power of passive
wearable measures by predicting chronic pain from
daily actigraphy movement data using a deep neural
network. Santana et al. (2020) compared multiple
machine learning algorithms to differentiate between
chronic pain patients and healthy individuals based
on self-report and pain sensitivity data.

Rahman et al. (2018) used a designated app, Man-
age My Pain, to predict the pain volatility of pa-
tients with chronic pain. Similar to our pipeline,
they started by clustering the data using the k-means
algorithm. However, their prediction models were
built based on patient-generated data describing their
health rather than regular cellphone usage data col-
lected objectively in the background.

Rabbi et al. (2018) investigated the physical ac-
tivities of patients suffering from chronic pain using
a mobile app, MyBehaviorCBP. They clustered lo-
cation trace logs to recognize patient routine behav-
ior and recommend physical activities similar to the
patient’s usual behavior. While they utilize cluster-
ing to identify typical behavior patterns, their work
fundamentally differs from ours in several aspects:
Their objective was to enhance chronic pain self-
management rather than predicting pain states; they
collected and clustered different types of data - loca-
tion traces and GPS, as opposed to cellphone usage
data; and their modeling technique differs from the
two-step method we suggest in this study.

3. Clinical Study, Data Collection,
and Experimental Design

In this section, we explain the experiment (3.1), de-
scribe the data we collected from passive cell phone
logs (3.2) as well as the labels we generated from EQ-
5D self-reports (3.3), and provide descriptive statis-
tics on the participants and the questionnaires (3.4).

3.1. Recruitment and Participant Breakdown

This study included adults who regularly attended
physician appointments at a local Pain Clinic. They
were recruited by their physician during appoint-
ments or by research staff during treatment visits.

The study and its goals were explained to obtain the
patient’s consent.

Ninety-one patients consented to the study and
were guided to download the iFeel app. Once down-
loaded, the app initiated collecting relevant passively
sensed data from the mobile phone and EQ-5D ques-
tionnaires. Research assistants trained the partici-
pants on filling out the questionnaires. Each patient
filled out their first questionnaire in the presence of
the research assistants. Afterward, patients could fill
out the questionnaires as much as they liked on their
own time. Per the research protocol, they were asked
to do so weekly and received weekly reminders from
the research assistants. The research assistants also
contacted participants during the follow-up period in
case of missing active or passive data collection and
assisted with technical or adherence issues.

In addition, participants manually filled out the
SF-36 questionnaire in the presence of the research
assistant three times during the study - in the begin-
ning, middle, and end.

3.2. The iFeel App: Real-Time Mobile Data

iFeel is an innovative digital health research platform
that enables passive and active digital monitoring and
provides continuous objective measurements for any
disorder. iFeel harnesses mobile phone data to find
associations between digital markers and HRQL ob-
tained via periodic EQ-5D self-reports. The passively
sensed data is collected continuously, 24/7.

For this study, the data consisted of communica-
tion patterns (number of phone calls, duration of in-
coming and outgoing calls, communication app us-
age duration), device usage (power on/off, doze mode
in/out, number of device screen opens and locks, Wi-
Fi connections, Bluetooth connections, battery us-
age, network mobile on/off, airplane mode on/off),
and app usage (name of app and seconds of active
app usage). All the collected information had non-
identifiable information and fully complied with the
General Data Protection Regulation (GDPR). No
app-specific data, content, texts, or other sensitive
data was collected. Per the study’s protocol, data
were collected over six months from the intake date.

The study assessment battery, including demo-
graphic information and self-report outcome mea-
sures, was completed online through a secure online
survey. The mobile app ensures user privacy and
anonymity with proper security data server protec-
tion software (e.g., no data could be paired to a spe-
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cific user). Privacy and information security comply
with the European Union privacy requirements. The
data did not include any other identifying informa-
tion. The research coordinator recorded the key to
identifying details on a secure log, which was kept
separately and password protected.

3.3. Analysis of EQ-5D

The EQ-5D-5L questionnaire was available for pa-
tients to fill out on the iFeel app on a weekly ba-
sis. This questionnaire is clinically validated for self-
completion on mobile devices in our country and
mother tongue (Horowitz et al., 2010).

Since no value set has been published for our coun-
try, recent studies have used the United States (US)
value set (Edelstein et al., 2023; Elsinga et al., 2023;
Hafi et al., 2021; Ahmad et al., 2020). It considers
pain/discomfort to be the most critical dimension and
is, therefore, suitable for our investigation of patients
with chronic pain. The US value set is more strin-
gent, with values ranging from -0.573 to 1, compared
to the United Kingdom value set (Pan et al., 2022)
that has been used before (Abu Farha et al., 2017;
Khatib et al., 2018). Counsidering our patients with
chronic pain were more likely to have worse health
compared to the general population, we decided to
use the US value set.

We converted all health states to indices using the
US value set. Then, we classified the values into two
classes, indicating whether a patient’s health state is
worse than death: class 0, for negative indices, rep-
resenting health states worse than death; and class
1, for indices that are at least 0, representing regular
(not necessarily good) health.

3.4. Statistical Analysis and Train-Test Split

The patient sample included participants aged 18-80,
with an average age of 60. Female participants ac-
counted for 52.7% of the participants (48/91), and
males accounted for 47.3% (43/91). As illustrated in
Figure 1, men and women reported similar USA index
levels in their EQ-5D questionnaires during the study.
The same was true for the pain domain. Two Gener-
alized Mixed Linear Models (GLMMs) (Chen, 2024)
confirmed that there were indeed no statistically sig-
nificant gender differences in the reported USA index
levels (P=0.376) and pain levels (P=0.487).

On some occasions, patients filled out more than
one EQ-5D questionnaire per day. In such cases, we
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Figure 1: Box Plots of EQ-5D Health per Gender

kept the latest one. Still, each participant had multi-
ple observations - health states reported on different
dates and their corresponding cellular usage data. To
avoid data leakage, all labels of the same patient were
assigned to either the train or the test set.

To avoid bias, we aligned male-female and class ”0”
out of total proportions between the sets. Multiple
Z-tests for independent samples showed no difference
in gender or class ”0” between the train and test sets
(P>0.1). Table 1 presents the number of labels for
males and females in each class and each set.

A total of 188 SF-36 questionnaires were filled out
during the study, 86 at the beginning, 43 in the mid-
dle, and 59 at the end. Regarding the pain domain,
patients reported extremely low outcomes (indicating
severe pain) with an average of 29.6. A third GLMM
confirmed that there were no statistically significant
differences in the reported pain levels between men
and women (P=0.788) throughout the study. How-
ever, patients reported better health (less pain) in the
middle and the end of the study compared to the be-
ginning (P=0.002 and 0=0.001, respectively). Figure
2 shows the upward trend of the mean SF-36 pain
levels within the three study phases.

To assess the correlation between the two question-
naires, specifically in their ability to measure pain, we
investigated the reported outcomes of patients who
filled out both questionnaires within the same week.
Overall, 113 patients filled out the EQ-5D and the
SF-36 questionnaires within the same week: 84 on
week 0 when the study started, 19 on week 9/10 in
the middle of the study, and 10 on week 18, the final
week of the study. The two measures use different
scales - SF-36 is scaled between 0 (worst health) and
100 (best health), whereas the EQ-5D-5L is scaled
between 1 (best health) and 5 (worst health). Hence,
we calculated the Spearman correlation between the
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Figure 2: Mean SF-36 Pain by Experiment Phase

SF-36 bodily pain concept and the reversed ED-5D-
5L pain/discomfort domain, which was 0.57.

To provide insights not just in terms of the EQ-
5D index but also in SF-36 pain scales, we assessed
the influence of our binary EQ-5D labels on the re-
ported SF-36 pain scores. Comparing the mean SF-36
pain scores across our two label classes, revealed the
binary index’s ability to distinguish between SF-36
pain levels. The mean SF-36 pain score was signif-
icantly lower for the negative EQ-5D indexes (13.7)
compared to the non-negative ones (30.7).

Table 1: Train-Test Split

Class 0 Class 1 All
. Male 21 (26.9%) 57 (73.1%)
Train - poale 45 (26.8%) 123 (73.2%) 20
Male 13 (22.0%) 46 (78.0%)
Test  Female 27 (36.0%) 48 (64.0%) o3

4. EQ-5D Prediction from Cellular
Data

We aimed to predict EQ-5D health indices from mea-
surements passively collected by the iFeel app from
patients’ cell phones. These included app usage (app
type and duration) and cellphone events (e.g., the
screen on/off) and were collected continuously dur-
ing the clinical study.

Our aim and setting pose a few inherent challenges:

e Data’s nature — many apps and events can be
monitored using the iFeel app. However, at each
point, only a handful are active. Thus, the data

is highly sparse. Also, we did not collect any
specific app data or content to preserve privacy.
Only indications for app usage were used.

e Dataset size — data was collected continuously,
24/7, for six months, but for a relatively small
number of subjects. Thus, we had a reason-
able amount of data per patient (intra-patient
examples) but a relatively small amount of cross-
patient data (inter-patient sequences). Also,
there was a fair amount of missing data due to
connectivity issues, version updates, etc.

e Labels — our labels were based on patient subjec-
tive responses to the EQ-5D questionnaire. We
had various numbers of labels per patient, as
each patient decided when and how many times
to fill out their questionnaire. Moreover, the
self-reports reflected patients’ own views of their
health with their unique scaling.

e Data and label alignment — syncing between la-
bels derived from the (higher level) EQ-5D re-
sponses and the (low level) cellphone features is
also challenging: An EQ-5D response reflects pe-
riodical patient condition. In contrast, the high-
frequency cell phone data demonstrates the pa-
tient’s instantaneous activities and state. Hence,
the self-assessment labels and the collected cell-
phone measurements act at different time scales
and reflect different levels of information. Thus,
duplicating the same label over multiple adja-
cent feature vectors or labeling just one instance
and utilizing semi-supervised methods were un-
suitable solutions.

We addressed these challenges via a carefully de-
signed preprocessing step, followed by a two-step clas-
sification method to maximize the utilization of la-
beled and unlabeled data. At the preprocessing step,
we first mapped the various apps into predefined app
types. Then, we aggregated the data on an hourly
basis and constructed feature vectors where each fea-
ture recorded hourly usage (in seconds) of a specific
app type. Applying these actions reduced the feature
space dimension and sparsity.

To sync between the labels and the feature vectors,
we grouped the feature vectors from the preceding
week for each self-report (label). Thus, a labeled ex-
ample was a set of 181 feature vectors with a single
EQ-5D index score, i.e., the set’s label. It should be
noted that for all patients, most weeks had no la-
bel since the patient did not fill out a questionnaire.
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Hence, we ended with many unlabeled feature vectors
and a few labeled sets.

To overcome these unique characteristics of our
problem, we designed a dedicated two-step method
for learning behavioral patterns and deviations.
First, we use unsupervised learning techniques to uti-
lize the immense amounts of unlabeled cellphone us-
age data. As described in subsection 4.1, we cluster
the vectors and change their representation to cap-
ture hourly behavioral patterns. Then, in 4.2, we
train supervised classification models to predict the
class of the labeled vectors.

4.1. Unsupervised Representation Learning

Our pipeline starts by clustering the (unlabeled) fea-
ture vectors using the K-means clustering algorithm.
The outcome is a set of clusters, each reflecting a typ-
ical hourly behavior for this patient population. The
pipeline includes two optional transformations pre-
ceding the clustering step. Both are designed to refine
the clusters by reducing dimensionality and sparsity
and making the clusters more distinct.

The first transformation, termed Pre-Clustering
Transformation (PCT), is a deep autoencoding, fol-
lowed by Uniform Manifold Approximation and Pro-
jection (UMAP) (McInnes et al., 2018) learning of
the encoder’s latent representation. The PCT com-
ponent transforms the sparse, high-dimensional raw
feature vectors into a dense, lower-dimensional fea-
ture vectors embedded in a smooth manifold. This
transformation contributes to the stability of the pro-
ceeding clustering procedure.

The second transformation, termed Discriminative
Clustering Transformation (DCT), starts by cluster-
ing and mapping the feature vectors to the nearest
clusters. It provides a pseudo label (the mapped clus-
ter) for each feature vector. Then, we train a two-
header autoencoder-classifier model (a.k.a multi-task
learning (Zhang and Yang, 2021)) and extract the la-
tent representation. The DCT component essentially
implements a self-learning procedure designed to in-
crease the separability of the latent representation
before the (original) unsupervised clustering proce-
dure.

In the next pipeline step, after clustering, each
feature vector is mapped to the closest cluster, as
measured by Mahalanobis distance (De Maesschalck
et al., 2000). The distances from each cluster were
binned into ten quantiles, and each vector ascribed
to the cluster belonged to one of them. Thus, each

vector was mapped to a specific distance quantile
in its closest cluster. Unique vectors (representing
deviations from common behavioral patterns) were
mapped to higher quantiles. As a result, each labeled
week (with a self-assessment) was projected onto the
obtained clusters, such that each hourly vector within
the week was assigned to its corresponding quantile
in the nearest cluster.

Finally, every labeled set of 181 hourly feature vec-
tors was represented by a single vector of counts. The
counts recorded the number of vectors assigned to
each quantile of each cluster. The outcome was a la-
beled dense vector representing an entire week, where
each entry corresponded to a specific quantile hold-
ing the aggregated counts of hourly feature vectors
that were mapped to higher quantiles. In essence,
this serves as an empirical approximation of the fea-
ture vectors’ inverse CDF, capturing typical behav-
ioral patterns and deviations throughout the week.
Figure 3 illustrates the construction of representation
from the raw data, through the behavioral clustering,
to the count vector.

4.2. Supervised Classification

Standard supervised learning methods and best prac-
tices were applied at this step. After further prepro-
cessing the data using feature selection, traditional
classification methods were applied: logistic regres-
sion (LR), random forest (RF), and k-nearest neigh-
bors (kNN). The outcome was a model designed to
predict a patient’s state given behavioral patterns
from the preceding week, as captured by their cell-
phone usage.

We trained separate models for men and women, as
well as gender-agnostic models for comparison. For
each gender - Male, Female, All - all possible combi-
nations of pre-clustering transformation, K, and clas-
sification model were evaluated.

For model evaluation, we used a test set formed
by cellphone data and self-assessment labels of pa-
tients excluded from both the representation learning
and the classifier training. Hyperparameter optimiza-
tion was performed using grid search cross-validation
on the training set, while the held-out test set was
used to evaluate model performance on unseen data.
In section 5, we report performance on the test set
and provide statistical guarantees using Fisher and
Barnard’s tests.
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First representation change — aggregating apps by categories

ID | User |Timestamp| App | Duration Social|Communication|Medical| Games|...
D N Houry 1 Hourly usage
usage %
perapp | T |
» category 181
Cellphone usage logs — raw data Binary USA index (label) per ~week

Second representation change — clustering behavioral patterns
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Final representation change — obtaining weekly vectors of quantile counts
A set of sparse, | ® | New representation:
hourly vectors  J The example set on the left has three vectors outside the first quantile

transformed o of the blue cluster, two vectors outside its second cluster, and one
into one dense A ®
vector of .

vector outside its third. The counts for the red and purple clusters are
computed similarly.

(J
quantile counts . B, B, B; R; | R, | Ry | P, | P,  P; Label
representing —— 3 /2|15 32422 1
one week

Figure 3: Two-step Representation. Mapping hourly vectors to behavioral clusters. B;, R;, P;: Number of
vectors outside the i-th quantile of the blue, red, and purple clusters, respectively.
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5. Results and Discussion

5.1. Representation Results

The raw cellphone data were mapped to 56-dimension
feature vectors representing hourly app type usage
(in seconds). After cleansing, we had an unlabeled
dataset of 95165 x 56 vectors.

Using the k-means clustering algorithm with 50 ini-
tial starts, we transformed the labeled example sets
into K x 9-dimension feature vectors in the represen-
tation change phase, and ended up with 246 labeled
vectors in the training set and 134 labeled vectors in
the test set.

5.2. Classification Results

We present the results of gender-specific modeling,
which outperformed models trained on both men’s
and women’s data. Table 2 presents the best classi-
fication results for each gender (Male, Female, All)
and each pipeline (Standard, PCT, DCT, or both)
with the chosen clustering K (16, 24, 32, 64, or 128)
and classification model (RF, LR, or kNN). Note
that the ”Standard” pipeline refers to the cluster-
ing phase without any optional preceding variants,
PCT or DCT, as described in subsection 4.2. To help
identify powerful settings, the highest values for each
metric appear in bold. The table reflects the robust-
ness of our classification results, as they are similar
across all settings.

For the men, the PCT with K = 32 and kNN
setting achieved the best results. The K = 32 was
chosen for the K-means clustering algorithm, and the
kNN model used the k=5 nearest neighbors for the
classification. Even though it did not achieve the best
recall on class 0 or precision on class 1, it performed
best according to all the other metrics and appeared
to be the most stable setting. Overall, the kNN al-
gorithm performed well in our task, as it frequently
appeared in the classification results table.

As for the women, the most stable setting was
PCT with K = 32 and RF. It significantly out-
performed all other models in every F1-score measure
while maintaining high precision and recall values.

Both Male and Female models consistently out-
performed the gender-agnostic models (All). While
gender-specific modeling should be considered when
applicable, gender-agnostic modeling can help with
non-binary cases or when app users prefer not to men-
tion their gender.

Fisher and Barnard’s tests were used to determine
the classification significance of our best settings:
PCT with kNN for the men and PCT with RF for
the women. As both tests showed highly statistically
significant results (Fisher test P< 5 x 10—, Barnard’s
test P< 2 x 1079), it is unlikely to receive our pre-
dictions purely by chance.

5.3. Discussion

Our analysis and results point to differences between
men and women in terms of willingness to share
health-related information but not in their reported
health. Even though the participants’ male-female
ratio was close to 1 (43 vs. 48, respectively), there
were significantly more self-reports by women, 243
EQ-5D and 111 SF-36, compared to 137 and 77 by
men. Nonetheless, in terms of pain severity, there
were no statistically significant gender differences in
either questionnaire.

The binary USA index of the EQ-5D questionnaire
turned out to be a useful predictor for severe pain
in the SF-36 questionnaire. The mean SF-36 pain
score was significantly lower for the negative EQ-
5D indexes (13.7) compared to the non-negative ones
(30.7), and according to the GLMM, the binary index
highly affected the SF-36 pain levels (P<0.001).

The study population - patients suffering from
chronic pain, reported extremely low SF-36 pain
scores. This finding is consistent with previous
work using the SF-36 questionnaire to monitor pa-
tients with chronic back pain, showing that the phys-
ical and mental component scales of the chroni-
cally disabled back pain population were significantly
lower compared to the United States norms for back
pain/sciatica patients (Gatchel et al., 1998).

In the study’s setting, the labels were subjective as
they were generated from patient-reported outcomes;
there were multiple labels per patient, and each pa-
tient had a different number of labels, filling out a
different number of questionnaires throughout the
study. Moreover, gender-specific classification models
consistently outperformed generic (gender-agnostic)
models in all tested settings. Hence, personalized,
patient-specific models are worth testing to improve
the predictions further.

Several studies have demonstrated individual dif-
ferences in smartphone-derived behaviors, highlight-
ing the need to account for age and gender in digital
phenotyping models (Zhang et al., 2022; Laiou et al.,
2022). For example, females tend to use smartphones
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Table 2: Best Classification Results per Gender and Pre-clustering Transformation

Setting F1-Score Class 0 Class 1 AUC
Gender  Pipeline K Model ~ Acc. M. avg. W.avg. Prec. Recall Prec. Recall ROC
Male Standard 24 kNN 0.797 0.607 0.760 0.600 0.231  0.815 0.957 0.594
Male PCT 32 kNN 0.898 0.832 0.891 0.889 0.615 0.900 0.978 0.797
Male DCT 16 kNN 0.831 0.699 0.810 0.714  0.385 0.846 0.957 0.671
Male PCT+DCT 24 LR 0.831 0.777 0.838 0.588 0.769 0.929 0.848 0.809
Female  Standard 16 kNN 0.787 0.755 0.780 0.762  0.593 0.796 0.896 0.744
Female PCT 32 RF 0.827 0.807 0.824 0.792 0.704 0.843 0.896 0.800
Female DCT 32 RF 0.773 0.767 0.778 0.639 0.852 0.897 0.729  0.791
Female PCT+DCT 24 LR 0.787 0.778 0.790 0.667 0.815 0.881 0.771  0.793
All Standard 24 LR 0.754 0.704 0.753 0.590 0.575 0.821 0.830 0.702
All PCT 16 kNN 0.739 0.637 0.714 0.609 0350 0.766 0.904 0.627
All DCT 32 LR 0.761 0.706 0.757 0.611  0.550 0.816 0.851 0.701
All PCT+DCT 128 kNN 0.724 0.624 0.702 0.560 0.350 0.761 0.883  0.616

Acc. = Accuracy; M. avg. = Macro average; W. avg.

for longer periods than males, and younger individu-
als are more likely to engage with entertainment and
social media apps, while older adults primarily use
smartphones for information retrieval or as a tra-
ditional communication tool (Andone et al., 2016).
While demographic factors have not always influ-
enced engagement or compliance with mobile health
interventions (Ross et al., 2020), they may still shape
passively collected behavioral patterns, which could
impact model predictions.

In the context of chronic pain, smartphone behav-
ioral patterns may also be influenced by pain sever-
ity and disability levels. For instance, individuals
with higher pain intensity or greater pain-related dis-
ability have been found to engage more with mobile
health tools (Ross et al., 2020). Additionally, lifestyle
factors such as working remotely may shape digital
behaviors (e.g., exhibiting low mobility and frequent
phone use). Yet, these patterns may not directly cor-
relate with pain state (Leaning et al., 2024). Despite
these potential biases, our study accounts for gender-
specific variations, ensuring that predictions remain
sensitive to demographic differences while leveraging
the advantages of smartphone-based monitoring.

In this study, a static modeling approach that uses
a fixed layout of hourly clusters was used to repre-
sent behavior patterns. Labels of the same user were
considered independent, even though self-assessments
likely correlate. Feature vectors constructed from
cellphone usage data were also dependent due to the
inherent sequential nature of the data. Both depen-
dencies suggest room for stochastic models that learn
patient behavior over time. Liu et al. (2025) derived

= Weighted average; Prec. = Precision.

digital phenotyping from wearable devices to iden-
tify individuals with mental health disorders, demon-
strating the advantage of using time series to capture
the data’s time-varying nature and preserve tempo-
ral patterns. In future work, we intend to explore the
contribution of a dynamic modeling approach that
accounts for transitions between behavior clusters.

It should be noted that the iFeel app is only sup-
ported by Android mobile phones. Hence, this study
focused on Android mobile users, which limits the
representativeness and generalizability of the find-
ings. However, the two-step method described in
this paper is adaptable and applicable to different
domains. An earlier version of the method, without
the PCT and DCT transformers for clustering en-
hancement, was successfully used in a previous study
aiming to predict the imminent suicide risk of adoles-
cents previously diagnosed with depression (Stemmer
et al., 2024). A new massive-scale study, currently re-
cruiting teenagers from different schools across mul-
tiple countries, will integrate the method to predict
the risk of problematic internet use. This ongoing
project uses a similar mobile app to track user usage
patterns, which is also available on i0S. Hence, the
findings might extend to other smartphone platforms,
allowing the model deployment in diverse, real-world
healthcare settings.

The clinical insights of our results are twofold. The
first highlights the prediction of the SF-36 severe
score (36 questions) out of the EQ-5D/USA Index (5
questions), allowing clinicians to identify severe cases
via rapid and digitally validated questionnaires. The
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second is the ability to detect patients with severe
pain conditions via passive and remote tools.

The findings serve as a strong foundation for real-
world model deployment. Clinicians will greatly ben-
efit from the predictors derived from the research as
an additional step toward more objective pain and
quality-of-life assessments for pain patients. By us-
ing objective and continuous parameters, these pre-
dictors will allow for a more precise real-time eval-
uation of the effectiveness of both pharmacological
and interventional treatments, improving the cost-
effectiveness of various treatments.

The strength of the study’s predictors lies in their
ability to enhance both pain and quality of life assess-
ments for patients and clinicians alike. We envision
the model as a resource that can be integrated into
clinicians’ workflows, providing objective tools for
more accurate evaluations of treatment effectiveness.
One of the main challenges in chronic pain manage-
ment is the infrequency of patient visits, which typi-
cally occur once every few months, making it difficult
to consistently track patient progress (de C Williams
et al., 2020). The breakthrough of real-time moni-
toring offered by these predictors provides clinicians
with continuous and up-to-date data, allowing them
to adjust pharmacological and interventional treat-
ments more effectively, thus improving outcomes (Re-
jula et al., 2021). Simultaneously, patients benefit
from a system that gives them feedback on their con-
dition, enabling them to track their progress in real
time between visits.

6. Conclusion

This study uses passively collected cellphone usage
data to predict the state of patients suffering from
chronic pain, as captured by subjective self-reported
EQ-5D questionnaires. It suggests a two-step ap-
proach for utilizing unlabeled cellular logs in a classi-
fication problem via unsupervised learning. Previous
studies have used machine learning to predict patient
EQ-5D scores based on patient and disease character-
istics (Lee et al., 2014; Zrubka et al., 2022), but to
the best of our knowledge, this is the first study to
do so based on cellphone logs.

Unlike self-reports, which are subjective measures
to assess health states in general and pain specifi-
cally, cellphone monitoring provides objective indica-
tors crucial for more accurate predictions. Moreover,
prediction by passive cellphone usage data, as used in
this study, is less burdensome than self-reports, which
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rely on compliance over time. The objective, passive
measures overcome the variance in patient perception
of their own health and pain.

The high prediction levels reached in this study
provide additional validation for incorporating dig-
ital monitoring in the clinical field. It may equip
clinicians with tools to assess patient health status
constantly and objectively, identify risks, and provide
timely interventions.

The setting of our study posed three interesting
challenges: the relatively small labeled dataset com-
pared to the massive amounts of unlabeled cellphone
data, the different time scales and information lev-
els of self-assessments and cellphone measurements,
and the subjectivity of the labels. The first two are
addressed in this paper with representation learning.
The latter is left for future research.
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