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Using behavioral rhythms 
and multi‑task learning 
to predict fine‑grained symptoms 
of schizophrenia
Vincent W.‑S. tseng 1,9*, Akane Sano2,9, Dror Ben‑Zeev3, Rachel Brian3, 
Andrew T. Campbell4, Marta Hauser5, John M. Kane6, Emily A. Scherer7, Rui Wang8, 
Weichen Wang4, Hongyi Wen1 & tanzeem choudhury1

Schizophrenia is a severe and complex psychiatric disorder with heterogeneous and dynamic multi‑
dimensional symptoms. Behavioral rhythms, such as sleep rhythm, are usually disrupted in people 
with schizophrenia. As such, behavioral rhythm sensing with smartphones and machine learning 
can help better understand and predict their symptoms. Our goal is to predict fine‑grained symptom 
changes with interpretable models. We computed rhythm‑based features from 61 participants with 
6,132 days of data and used multi‑task learning to predict their ecological momentary assessment 
scores for 10 different symptom items. By taking into account both the similarities and differences 
between different participants and symptoms, our multi‑task learning models perform statistically 
significantly better than the models trained with single‑task learning for predicting patients’ 
individual symptom trajectories, such as feeling depressed, social, and calm and hearing voices. 
We also found different subtypes for each of the symptoms by applying unsupervised clustering to 
the feature weights in the models. Taken together, compared to the features used in the previous 
studies, our rhythm features not only improved models’ prediction accuracy but also provided better 
interpretability for how patients’ behavioral rhythms and the rhythms of their environments influence 
their symptom conditions. This will enable both the patients and clinicians to monitor how these 
factors affect a patient’s condition and how to mitigate the influence of these factors. As such, we 
envision that our solution allows early detection and early intervention before a patient’s condition 
starts deteriorating without requiring extra effort from patients and clinicians.

Schizophrenia is a severe and chronic psychiatric disorder with multi-dimensional complex symptoms of hal-
lucinations, delusions, disorganized thoughts, agitated movement, avolition-apathy, and expressive  deficit1. The 
symptoms can change both in short periods (e.g. within a day) and long periods of time (over weeks and months) 
and fluctuate between remission and relapse/exacerbation. It is also considered as a heterogeneous disorder 
with high variations of symptoms among patients. Pharmacological and non-pharmacological treatments are 
commonly used to manage symptoms and prevent relapses. To assist clinicians with making clinical decisions 
for treatments, it is of great importance to develop tools that monitor fluctuations in symptoms and detect early 
signs of evolving  events2–4.

Mobile devices have been used to capture users’ behavioral and physiological data to predict users’ mental 
health  conditions5–7. For example, in the StudentLife  study8, Wang et al. collected students’ behavioral data, 
including sleep, activity, conversation, and location, etc, using smartphones and found strong correlations 
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between the data and the students’ self-reported scores for mental health. Another study showed that loca-
tion and phone usage data can predict users’ self-reported depression severity  scores9. Mobility and physical 
activity data collected using smartphones were also shown to be able to detect clinical depression  diagnoses10. 
More importantly, previous work explored the feasibility of using mobile sensing to detect or identify signs and 
symptoms of schizophrenia. Ben et al.2 first explored the feasibility and acceptability of behavioral sensing in 
outpatients and inpatients with schizophrenia. The CrossCheck study used passive mobile sensing data, includ-
ing physical activity, sociability, mobility, phone usage, sleep, and characteristics of ambient environments to 
predict the aggregated self-reported ecological momentary assessment (EMA) scores for 10 different symptom 
 items11 and the total scores of monthly 7-item Brief Psychiatric Rating Scale (BPRS) administered by  clinicians12.

However, the types of symptoms each patient experiences might be different. Clinicians usually need to 
monitor the change in multiple symptoms in order to assess a patients’ condition. For example, according to 
DSM-513, the criterion for diagnosing the onset of psychotic episodes is whether a patient has experienced two 
or more key symptoms of psychotic disorder, which include delusions, hallucinations, disorganized speech, 
grossly disorganized or catatonic behavior, and negative symptoms. As for detecting relapse or exacerbation, 
even though there haven’t been consistent criteria, clinicians tend to assess if there is any worsening of conceptual 
disorganization, hallucinatory behavior, suspiciousness, or unusual thought content,  etc14. Hence, the information 
on the severity of each symptom is essential for clinicians to assess a patient’s condition, and predicting scores 
for the individual symptoms will be more informative than just predicting the aggregated scores. Besides, even 
for the same symptom, the symptom might manifest itself in patients’ behaviors in different ways, which the 
existing modeling methods have yet to account for. As such, those previously proposed methods still have some 
limitations in terms of providing clinicians with information for making decisions on delivering intervention 
and managing patients’ symptoms.

In order to make prediction models provide deeper insights into the change in patients’ conditions, we 
investigated the relationship between the rhythms in patients’ behaviors and their symptom conditions. Human 
rhythms are cyclic patterns that recur at regular intervals within humans’ biological systems and  behaviors15. 
These rhythms have been developed and evolved to help humans respond to environmental influences, and have 
been found to have a strong link with mental disorders. Based on the recurring time intervals, these rhythms 
can be categorized as ultradian, circadian, or infradian rhythm (less than, equal to, or greater than 24 h), and 
the three different types of rhythms influence people’s mental disorder differently. For example, previous stud-
ies suggested that disruption in circadian rhythm leads to numerous psychiatric disorders, such as depression, 
mania, and  schizophrenia16,17. As such, some mental health intervention tools have been designed to help people 
with schizophrenia improve their condition by regulating sleep  cycles18,19. However, most of these detection and 
intervention tools predominantly focused on a patient’s circadian rhythm. The information from other rhythms 
has yet to be fully utilized.

Apart from choosing a new set of features that provide better interpretability, we also trained models that 
predict scores for the individual symptoms instead of predicting the aggregated scores. This allows better tracking 
the aforementioned different symptoms. To capture the markers associated with changes in patients’ symptoms 
and to account for individual differences in the meantime, we trained our prediction models using multi-task 
learning (MTL). MTL is a method aimed to train machine learning models that provide inferences for multiple 
related tasks simultaneously while accounting for the similarities and the differences across the  tasks20–28. In other 
words, MTL leverages information from different tasks to find a common subset of most predictive features, 
while the learned weights for those features may be different among models for the different tasks in order to 
account for inter-task differences. Recent work has applied MTL to multi-modal sensing data to predict users’ 
level of stress and  depression29. Taylor et al.7 leveraged MTL to account for inter-individual differences in the 
relationship between behavior and physiology measured with surveys, wearable sensors and mobile phones, and 
resulting mood and well-being. Specifically, the authors predicted the well-being for a subgroup of people who 
shared similar personality traits and behaviors by treating the prediction for these people as different tasks. A 
more recent work by Lu et al.29 developed a MTL method to jointly model sensing data collected from different 
smartphone platforms (Android and iOS) for depression detection, where predicting self-reported assessment 
scores and clinical severity of depression on each platform were considered four different tasks. Taken together, 
the aim of this paper is to predict more fine-grained symptom trajectories of schizophrenia in terms of patients’ 
self-reported EMA scores using clinically meaningful rhythm features—the different types of cyclic patterns 
in patients’ behaviors and their surrounding environment that are extracted from their passive mobile sensor 
data. As such, patients’ conditions can be automatically assessed at a granular level without relying on them 
self-reporting.

The contribution of this work lies in investigating how rhythm features and MTL can be used in tandem to 
make our prediction models provide more fine-grained information on the different dimensions of schizophre-
nia symptoms by accounting for the heterogeneity in patients’ symptoms. Our results showed that MTL models 
perform statistically significantly better than the models trained with non-MTL methods in predicting a patient’s 
individual symptom trajectories, such as feeling depressed, social, calm, and hearing voices. In addition, we 
showed how these rhythm features can be grouped based on different levels of granularity to allow better inter-
pretability of the relationship between patients’ behavioral patterns and their symptoms. Such information can 
potentially be beneficial for designing intervention technologies regarding when and how interventions should 
be delivered to prevent patients’ conditions from deteriorating.
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Results
Predicting EMA scores.  A summary of the patients’ self-reported scores for each EMA item, including 
mean and standard deviation, is shown in Fig. 1. We first compared the root mean square error (RMSE) of all the 
different machine learning models for each of the schizophrenia symptoms (Fig. 2). Overall, models trained with 
multi-output support least-squares vector regression machines with RBF kernel (m-SVR-RBF) had the lowest 
mean RMSE (12% error rate). It is worth noting that the personalized STL models had a mean RMSE larger than 
the range of EMA scores, namely 0–3). The reason is that the way linear models give predictions is by computing 
the inner products between the feature weights and the feature values (and adding intercepts). Since the weights 
of these models are based on the distribution of the training data, the models are likely to have larger prediction 
errors if the distributions of the training data and test data (which was held out during the training) are very 
different. This is very often the case in the data from individuals with mental illnesses, particularly when they 
are in psychotic episodes.

The result of the aligned rank transform ANOVA with algorithm and symptom as the main effects suggests 
that both algorithm ( F(6, 6360) = 231.3940, p < 0.001 ) and symptom ( F(9, 6360) = 60.2962, p < 0.001 ) have 
statistically significant effects on the prediction error. Additionally, the results of the post-hoc pairwise com-
parisons of all the different algorithms (Fig. 3) show that all the MTL algorithms performed significantly better 
than all the STL algorithms, except there was no statistically significant difference between generalized MTL 
models and generalized STL models (Generalized models are models that are trained on data from multiple 
users. Please refer to section Algorithms for the more details about generalized MTL and STL models.). This 
confirmed our hypothesis that the information from either other patients or other symptoms can improve the 
prediction accuracy.

Next, when evaluated on the chronologically withheld test data (on average 83.4 samples (S.D. = 37.6) and 
20.9 samples (S.D. = 9.39) in the training and testing folds respectively), the m-SVR(rbf) models had a median 
RMSE of 0.309 ( 10.3% of the scale) compared to the median RMSE of 0.314 ( 10.5% of the scale) when evaluated 
on randomly withheld test data, while MTL-patients models showed a median RMSE of 0.535 ( 17.8% of the 
scale) tested on chronologically withheld test data compared to the median RMSE of 0.505 ( 16.8% of the scale) 
when tested on withheld test patients’ data. No statistically significance in the median RMSE was found using the 
different cross-validation procedures for both m-SVR(rbf) models ( Z = 0.32145, p = 0.75 ) and MTL-patients 
models ( Z = 0.66711, p = 0.50).

Finally, the results of the paired tests showed that our rhythm features resulted in statistically significantly lower 
median RMSE for EMA depressed ( Z = −2.6, p = 0.037 ), hearing voices ( Z = −3.372, p = 0.0045 ), stressed 
( Z = −3.0221, p = 0.00251 ), think clearly ( Z = −6.8212, p < 0.001 ), and feeling social ( Z = −5.9514, p < 0.001 ), 
while the median RMSE statistically significantly increased for EMA harm (Z = 3.5073, p = 0.0032) and sleep 
(Z = 3.7297, p = 0.0015) after using rhythm features. This suggests that rhythm features not only provide better 
interpretability but even allow more accurate prediction for symptom depressed, hearing voices, stressed, think 

Figure 1.  Summary of the individual EMA scores. The error bars represent the standard deviations.

Figure 2.  Comparison of the mean root-mean-square errors (RMSE) of different prediction models. The error 
bars represent the 95% confidence intervals.
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clearly, and feeling social, which is useful for tracking symptom changes over time. Figures 4 and 5 are examples 
of predicted trajectories for different symptoms by MTL-patients and m-SVR respectively.

Heterogeneity.  Beyond predicting the symptom scores, we also analyzed the top predictive features in the 
MTL-patients models for the individual symptoms to see if the models can provide some insights into digital 
markers that clinicians can utilize as related to different symptoms. The features are ranked based on the features’ 
weights in the MTL-patients models. The higher the weights are, the more predictive the features are (see the top 
predictive features in the tables in the Supplementary File).

MTL−symptoms (generalized) − MTL−symptoms (personalized)

m−SVR (linear) − m−SVR (rbf)

STL (generalized) − STL (personalized)

MTL−symptoms (generalized) − STL (personalized)

m−SVR (linear) − MTL−symptoms (personalized)

m−SVR (linear) − MTL−patients

MTL−patients − MTL−symptoms (personalized)

MTL−symptoms (generalized) − STL (generalized)

m−SVR (rbf) − MTL−symptoms (personalized)

m−SVR (rbf) − MTL−patients

m−SVR (linear) − STL (personalized)

MTL−patients − STL (personalized)

MTL−symptoms (personalized) − STL (personalized)

m−SVR (linear) − MTL−symptoms (generalized)

MTL−patients − MTL−symptoms (generalized)

m−SVR (linear) − STL (generalized)

MTL−patients − STL (generalized)

MTL−symptoms (personalized) − STL (generalized)

m−SVR (rbf) − STL (personalized)

m−SVR (rbf) − MTL−symptoms (generalized)

m−SVR (rbf) − STL (generalized)
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Figure 3.  Post-hoc Tukey HSD pairwise comparisons of the mean RMSEs of the individual algorithms. The 
error bars represent the 95% confidence intervals.

Figure 4.  Predicted symptom trajectory of one patient for depressed, stressed, and hearing voices by MTL-
patients models and the ground truth (index represents the chronological order of each EMA response).
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We found that different symptoms have different sets of top predictive features. For example, multiple-scale 
entropy of ambient sound with a longer window length has greater influence on symptom Harm and Voice, which 
means that greater variation in the ambient sound, or noise, over a longer period of time is likely to exacerbate 
Hearing Voices. And the power spectrum density of text messaging patterns with a shorter window length is 
more predictive of symptom Think Clearly and Stressed, which suggests that more abrupt change in text mes-
saging pattern during a short period of time is associated with higher levels of stress.

When comparing the importance of the different factors within each of the dimensions after feature group-
ing, we found that, for dimension sensor modality, phone usage (screen lock/unlock) features overall have the 
highest importance for predicting Feeling Social, Feeling Calm, and Sleep, followed by ambient light (Fig. 6); 
however, the difference is not significant, which suggests that there is some heterogeneity in how the changes 
in patients’ symptoms manifest in their behaviors and environments. As for dimension periodicity, circadian 
rhythm related features are more predictive of symptom changes ( p < 0.01 ) than features of the other rhythm 
types (Fig. 7). In addition, when investigating the mean absolute values of features with positive weights and 

Figure 5.  Predicted symptom trajectory of one patient for hopeful, harm, and seeing things by m-SVR (RBF) 
models and the ground truth (index represents the chronological order of each EMA response).

Figure 6.  The mean feature weight for each modality for different EMA items (the values for the mean positive 
and negative weights are plotted separately).

Figure 7.  The mean feature weight for each periodicity for different EMA items (the values for the mean 
positive and negative weights are plotted separately).
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negative weights, we found that both the positive-weight and negative-weight circadian rhythm features have a 
similar influence on the score prediction for Feeling Hopeful and Feeling Depressed, which suggests that these 
symptoms might be more prone to the change in a patient’s circadian rhythm. Finally, for dimension window 
length, features computed with 2-day window, the smallest window, are more predictive of the symptom scores 
than features computed with the other window lengths ( p < 0.01 ), which suggests that more recent data might 
be more predictive of symptom changes (Fig. 8).

Subtypes. Figure  9 is an example of different subtypes for symptom Depressed, identified by clustering 
weights in MTL-patients models. Two different subtypes were identified (mean silhouette score = 0.56), with 3 
patients in one cluster, subtype-0 (mean Depressed score = 1.1, S.D. = 0.40 ) and 56 patients in the other cluster, 

Figure 8.  The mean feature weight for each window length for different EMA items (the values for the mean 
positive and negative weights are plotted separately).

Table 1.  The top 10 predictive rhythm features and the associated mean feature weights for two different 
subtypes for symptom Depressed. The naming of the features follows the format [Modality]

⊗
[Rhythm 

Metric]
⊗

[Window Length], which denotes the modality of the sensor data, the rhythm metric, and the 
window length used for extracting the feature.

Subtype 0 Weight Subtype 1 Weight

#missed_calls
⊗

16-hour_PSD
⊗

12-day_window 0.046 light
⊗

amplitude
⊗

2-day_window 0.058

#SMS_sent
⊗

32-hour_PSD
⊗

14-day_window 0.042 light
⊗

amplitude
⊗

14-day_window 0.057

conversation_length
⊗

20-hour_PSD
⊗

14-day_window 0.041 light
⊗

amplitude
⊗

12-day_window 0.057

#incoming_calls
⊗

36-hour_PSD
⊗

14-day_window 0.038 light
⊗

amplitude
⊗

8-day_window 0.057

screen_on_time
⊗

32-hour_PSD
⊗

8-day_window 0.036 light
⊗

amplitude
⊗

10-day_window 0.057

screen_on_time
⊗

32-hour_PSD
⊗

14-day_window 0.036 light
⊗

amplitude
⊗

6-day_window 0.056

screen_on_time
⊗

mean_deviation
⊗

2-day_window 0.032 light
⊗

amplitude
⊗

4-day_window 0.056

#SMS_read
⊗

10-hour_PSD
⊗

4-day_window − 0.032 screen_on_time
⊗

amplitude
⊗

6-day_window 0.051

#outgoing_calls
⊗

16-hour_PSD
⊗

10-day_window 0.031 screen_on_time
⊗

amplitude
⊗

8-day_window 0.051

screen_on_time
⊗

median_deviation
⊗

6-day_window 0.030 screen_on_time
⊗

amplitude
⊗

4-day_window 0.050

Figure 9.  Characteristics of patients of two subtypes for symptom Depressed after applying K-Means clustering 
to the absolute feature weights and computing the mean absolute weights for each category. The radar charts 
show the mean aggregated feature weights for different (a) modalities, (b) periodicities, and (c) time-window in 
each subtype.
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subtype-1 (mean Depressed score = 1.8, S.D. = 0.74 ). Subtype-0 showed statistically lower scores in Think than 
Subtype-1 (mean Think score= 0.02, S.D. = 0.02 in Subtype-0 and mean score=0.27, S.D. = 0.45 in Subtype-1).

And the two subtypes have quite distinct top features for predicting Depressed (Table 1). Generally speaking, 
subtype-0 patients are influenced more by their phone usage pattern, whereas subtype-1 patients are influenced 
more by the environmental light. When looking at the contribution of different factors in sensor modality, 
periodicity, and window length respectively, we found that the mean aggregated weight for the individual factors 
is statistically larger for subtype-0 patients than for subtype-1 patients ( p < 0.05 with Bonferroni correction). 
The results suggest that subtype-0 patients may be more prone to disturbance in either their behavioral pattern 
or their environment. The same amount of change will result in more prominent fluctuation in their symptoms. 
Moreover, for different subtypes, the role of different factors also differs. For subtype-0, different factors have 
relatively similar contribution, while for subtype-1, some factors (phone usage, ambient light, and ambient noise 
for instance) play a more influential role than the other factors.

Discussion
In this paper, we focus on developing models that can provide more interpretable and granular information on 
symptoms of schizophrenia. To this end, we applied novel approaches to both our feature engineering and model 
training. We first applied a variety of rhythm metrics to extract human-interpretable rhythm features. Then, 
we employed multi-task learning to train prediction models that can account for the heterogeneity in different 
patients and symptoms when predicting the symptom scores. In this section, we discuss the findings and the 
implications of our results and how these models with better interpretability can be used for early interventions.

The link between rhythms and schizophrenia symptoms.  Human rhythms, particularly circadian 
rhythm, have been shown to have strong relationships with schizophrenia. However, the relationships between 
other types of rhythms, namely ultradian rhythm or infradian rhythm, and schizophrenia have not been well 
studied yet. To this end, we aim to expand the current understanding of how these different rhythms impact 
people with schizophrenia at different levels.

First, at a more coarse level, we grouped the rhythm features based on ultradian, circadian, and infradian 
rhythm, and looked at the importance of the individual rhythms for predicting different schizophrenia symptoms. 
We found that circadian rhythm has a great influence on symptoms of schizophrenia, particularly Sleep, Feeling 
Social, and Feeling Calm. This corroborates the findings in the literature regarding the role of circadian rhythm 
in people’s  sleep30 and social  functioning31. Beyond circadian rhythm, ultradian rhythm also has an influence on 
the symptoms of depression and hallucination, such as Seeing Things and Hearing Voices. People with depression 
are known to have greater amplitude in the ultradian cycle of their mood than healthy people  do32. Our results 
further suggest that ultradian rhythm also manifested in patients’ passive sensing data, and their depressed 
mood may be susceptible to the change in their ultradian rhythm. And for the symptoms of hallucination, the 
presence of  repetitive33 and agitated  behaviors34 due to hallucination may result in the disturbance in their ultra-
dian rhythm. As such, the change in ultradian rhythm can be an indicator of whether a patient is hallucinating.

Next, at a more granular level, we looked at the influence of the interaction between different types of rhythms 
and different sensor moralities. For example, we found that the ultradian rhythm of ambient sound has a great 
influence on symptom Hearing Voices and Feeling Harm. Previous studies have shown that environmental noise 
has adverse effects on the cognitive performance of people with  schizophrenia35,36. Our results further suggest 
that the variations in the ambient noise in a period of 3–5 h may have more pronounced effects on hallucinations. 
Another example is the interaction between ultradian rhythm and text messaging pattern. Ultradian rhythm of 
text messaging pattern with period of 8–12 h has the most prominent influence on Think Clearly and Feeling 
Stressed, which means, just like having breakfast, lunch, and dinner, people also have repeated patterns of text 
messaging throughout the day. In addition to the relationship between text messaging and increased level of 
 stress37–39, the results also suggest that the change in the text messaging pattern will also affect the level of stress 
and anxiety.

Taken together, these different types of rhythms provide a more intuitive way to interpret the relationships 
between a patient’s behaviors and their symptoms. At a high level, the different rhythms are good indicators of 
a patient’s general condition, such as whether they are experiencing hallucinations and whether they have clear 
thoughts, while the rhythms in certain types of sensor modalities can provide more detailed information on 
specific symptoms. This can help determine when and the type of intervention to be delivered to avoid certain 
symptoms or prevent them from worsening. For example, if there is an unusual change in the ultradian rhythm of 
environment noise for a couple of hours, the system can prompt the patient to move to an environment that has 
a lower and more stable level of ambient noise to prevent the noise from affecting the patients’ cognitive perfor-
mance. If the system notices that the patient’s phone usage in certain periods, for example in evening, has a very 
different pattern than in other periods (morning and afternoon), the system can intervene to change the patient’s 
phone usage pattern, delaying the arrival of phone notifications for instance, to avoid an increase in stress.

the role of multi‑task learning. From our results, we found that models trained with multi-task learning 
performed statistically significantly better than the models trained with single-task learning, which confirms 
our hypothesis that multi-task learning can help achieve better prediction accuracy by accounting for the het-
erogeneity in different patients and different symptoms. Especially, models trained with single-task learning 
generally have larger standard errors, which suggests that it is harder for models to capture the entire variability 
in a patient’s behavioral pattern associated with each symptom due to the limited number of training instances 
and is more likely to over-fit. In addition, there is no statistically significant difference between the performance 
of MTL-patients models and the performance of MTL-symptoms models, which suggests that information from 
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either other symptoms or other patients can be both useful for finding latent variables and improving model 
performance. It is worth noting that the results suggest that non-linear MTL models (i.e., m-SVR(RBF) models) 
in general have higher prediction accuracy than linear models, such as MTL-patients. In order words, there is a 
trade-off between prediction accuracy and interpretability. Decisions on which type of MTL models should be 
used will depend on what clinical applications or settings the models will be deployed for. If the goal is just to 
track the symptom trajectories as a monitoring tool, then m-SVR models would be a good option. However, if 
the goal is to provide interventions, then being able to interpret the changes in certain rhythms with respect to 
the changes in certain symptoms is of great importance. Further, MTL-patients models can be particularly ben-
eficial to model deployment in practice. To train and deploy a model for a new patient, the amount of data from 
the patient can be reduced by leveraging information from a set of existing patients, which in turn reduces not 
only the burden on the patient but also the duration of data-collection before the model is ready to be deployed.

The effect of historical  information.  Another goal of this work is to investigate the amount of data 
needed for predicting the trajectories of different symptoms. For some symptoms, the change may be more pro-
nounced in patients’ passive sensor data, whereas for other symptoms, changes may be more gradual and more 
data is needed in order to detect those changes as a result. In our study, we found that rhythm features computed 
based on data from the past two days are more predictive of changes in patients’ feelings about being social 
and calm, whether they slept well, and whether they experienced hallucinations. On the other hand, detecting 
changes in a patients’ feelings about hopefulness, depression, and harm may require data from a longer period of 
time. Determining the right amount of historical data needed for predicting the individual symptoms will save 
clinicians’ time for making clinical decisions by presenting clinicians the most relevant information. More spe-
cifically, if a clinician wants to look at whether there was any sign of a patient having hallucinations, information 
on any behavioral irregularity during the past two to three days can be presented to the clinician. On the other 
hand, if a clinician wants to look for traces indicative of symptoms of depression, then the historical information 
during the past one to two weeks should be presented.

Heterogeneity in different participants.  Despite the fact that combining data from multiple partici-
pants can help a model better capture the variability in behaviors that causes the changes in their symptom tra-
jectory, we found that there is heterogeneity in different patients. Some participants are more prone, or sensitive, 
to certain rhythm changes than the others. The same amount of rhythm change may cause these patients’ symp-
toms to change in different degrees. By knowing which subtype a patient belongs to, the clinician can suggest 
them take some preventive measures to avoid getting exposed to those stimuli. For example, for patients who are 
particularly sensitive to the rhythm change in the ambient light and sound, the clinicians can suggest that their 
patients avoid going to environments that have stimulating lights and sounds. For patients who are more prone 
to ultradian rhythm changes, the clinician can suggest those patients develop and follow regular daily routines 
to avoid disturbance in their ultradian rhythm.

potential clinical use. Ultimately, the entire pipeline is aimed to provide clinicians with more interpretable 
and actionable information on a patient’s condition without requiring frequent clinical checkups, nor relying on 
patients’ self-reports. As a result, it can potentially provide early detection and early intervention.

Early detection. In addition to patients’ visits with their clinicians, with our system, clinicians can monitor how 
the patients are doing in between visits to the clinics. In addition, the patient-to-clinician ratio is generally high, 
which means that a clinician usually has to take care of multiple patients, with brief and/or infrequent visits. 
Therefore, clinicians do not have time to go through all of the information provided by the traditional prediction 
models in order to best evaluate patients’ conditions. Our system can show clinicians the predicted score for 
each of the symptoms, which will give them an overall idea about patients’ conditions in different dimensions.

If a clinician needs more information than just predicted symptom scores in order to help determine whether 
they should give a patient further examination, the system can quickly present the summarized information 
on the patient’s recent behaviors, such as the patterns of their rhythms. Beyond the high-level summarization, 
the system can also present more granular information by zooming in on the rhythms of particular behavioral 
patterns based on the specific domains that the clinician wants to examine, such as their physical activity, text 
messaging patterns, or even the pattern of their environmental stimuli.

Early intervention. Providing real-time feedback and intervention is another big challenge for current mental 
health services. Sometimes, clinicians might miss the early signs of changes in a patients’ condition. Even with 
machine learning models that can identify the top features predictive of the symptoms trajectories, those top 
features are usually difficult for patients to act upon. Conversely, with rhythm features, machine learning will be 
able to provide patients with more actionable steps to help them stay in a stable mental condition. For example, 
as we know that the ultradian rhythm of patients’ movement behavior may impact their feeling of calm, the 
system can detect if there are significant changes in the ultradian rhythm of a patient’s movement behavior. If 
there is, the system can immediately prompt notification, reminding the user to try to calm down in a certain 
time period or devote themselves to different kinds of activities to ensure their movement rhythm to be stable.

Limitations and future work.  There are some limitations in this work. First, we used time-series features 
but our models are not temporal machine learning models. With extension to temporal models with time-series 
features, we might be able to improve model performance even more. In addition, the interactions of the features 
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were not taken into account in our MTL-weight based clustering analysis since our models considered only the 
linear combinations of the features, but not the interactions of the features. Another limitation is that in this 
paper, we predicted only one day in the future; however, our models can be applied to predict symptoms a week 
or a month into the future.

Lastly, in this work, we evaluated the models using two different cross-validation procedures, cross-validation 
with models being evaluated on randomly held-out test data and cross-validation with models being evaluated 
on future unseen data. Both of the procedures have their own pros and cons. The former procedure can poten-
tially mitigate the effect of temporarily adjacent data on evaluation results; however, it might overestimate the 
performance of models if certain events, abnormal behaviors for instance, only appear in the future data. On the 
contrary, the latter procedure simulates the real-life scenarios where models are only trained on data collected 
prior to model deployment. Therefore, the procedure might give less biased evaluation results if the distribution 
of the future data and the past data are very different; nonetheless, if certain patterns appear in the data for a 
period of time and those patterns happen to appear in both the past and the future data after a data split, it is 
likely to cause the procedure to overestimate models’ performance. For future work, other cross-validation pro-
cedures can be employed to further investigate how other different cross-validation procedures will potentially 
influence evaluation results.

Methods
Statement. All experiments and methods were performed in accordance with relevant guidelines and regu-
lations. The study was approved by the Committee for Protection of Human Subjects at Dartmouth College and 
Institutional Review Board at North Shore-Long Island Jewish Health System. Participants provided informed 
consent. Patients were included in this study if they were ages 18 or older and had a chart diagnosis of schizo-
phrenia spectrum disorder.

Data collection.  Figure 10 illustrates the dataset we used for this study, which was collected by the Cross-
Check  system11. CrossCheck collected users’ passive sensing data continuously and prompted users to self-report 
their ecological momentary assessment (EMA) once every 2–3 days (Table 2). After filtering out participants 
who had less than 10 days of data, 61 participants with 6,152 days of EMA data remained (on average 104 days 
of data per participant) for modeling. Below we briefly introduce the dataset we used in this study. Please refer 
to our previous  work11 for the details about the data collection.

Passive sensing data. 

Figure 10.  CrossCheck system overview.

Table 2.  Summary of the sensing data collected in the study.

Data type Sensing data Data description

Behavior

Acceleration 3-axis acceleration from mobile phone with sample rate of 50–100 Hz

App usage Number of apps used in the category of communication, entertainment, productivity, and social during 
every 15-min interval

Call Incoming and outgoing phone calls (and whether or not for incoming calls)

SMS Text message received (and whether they were read), sent, and drafted

Screen on/off Timestamps when screen was turned on and off

Location GPS (longitude and latitude) location of user

Conversation The onset and duration of conversation

Sleep Sleep duration, and bed and wake time

Environment
Light The ambient light intensity collected using smartphone’s light sensor

Sound The volume of ambient sound
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• Acceleration: We collected 3-axis acceleration data from mobile phones, sampled from 50–100Hz. In the 
previous CrossCheck studies, we used the Android activity recognition API that includes: on foot, still, in 
vehicle, on bicycle, tilting, and unknown. However, in this paper, we extracted fine-grained activity rhythm 
features from raw acceleration.

• App usage: The Crosscheck system recorded the apps running on users’ phones every 15 min. We estimated 
active app usage by comparing app lists between every two consecutive sampling periods. The reason is that 
some apps may stay in the background even if the user is not actively using them. Specifically, we mapped 
each app to a category using meta-data from Google Play Store. We computed the number of apps being 
actively used during 24-h for each category. A total of 47 categories were recognized among all participants, 
with “NoneOrUtility” being the top category. This is not surprising as most of the system services were clas-
sified into this category. Among the other most common categories, we selected four of them for feature 
extraction: Communication, Entertainment, Productivity, and Social.

• Calls and SMS: We considered phone calls and SMS activities as indicators of the level of social interaction 
and communication. We logged incoming and outgoing calls and incoming and outgoing SMS.

• Screen on/off activity: User interaction with the phone is potentially indicative of general daily function and 
that can be captured through screen on/off activity. We logged timestamps of screen on and off events.

• Location: Prior studies have investigated the association between mobility patterns from geo locations and 
mental  health8,9,40. In the context of schizophrenia, patients are found to be isolated and stay at home with 
little external contact, especially when experiencing distressing psychotic  symptoms12. We logged trajectories 
of location from phones.

• Ambient environment: We logged ambient sound and light. The ambient sound reflects the ambient context 
of the participant’s acoustic environment, for example quiet isolated places versus noisy busy places. Similarly, 
the ambient light intensity also contains information about the environmental context of the participant, for 
example dark environment versus well-illuminated environment.

• Speech and conversation: Previous  studies6,8,41 have shown that conversations and human voices are related 
to well-being and mental health. We detected human voices and conversational episodes using the previously 
developed  algorithms42.

• Sleep: We computed the sleep-related features, which include sleep duration, bed time, and wake time during 
each day using a user’s screen and physical activity, ambient sound, and  light8,43.

Self-reported EMA scores. EMA is a clinically validated method to capture states of mental health among peo-
ple with  schizophrenia44. The EMA used in this study consists of 10 one-sentence questions (Table 3), which are 
based on the self-reported dimensions defined in a previous schizophrenia  study45. Patients were prompted to 
answer the EMA questions every 2–3 days by selecting a scale from 0 to 3 for each dimension.

computing rhythm features. There are cyclic patterns, or rhythms, in human biological systems and 
behaviors to help humans respond to environmental  influences15. Studies have shown the strong link between 
human rhythms and mental  health16,17,46. The cyclic patterns of environmental influences, such as light and 
ambient noise, also have impacts on people’s mental  health35,47. These rhythms have different periodicities, or 
recurring intervals. Based on whether the periodictiy is less than, equal to, or greater than 24 h, these rhythms 
can be characterized as ultradian, circadian, or infradian  rhythm35, and the different periodicities influence 
people’s mental health in different  ways17,48,49. As such, we applied a variety of metrics to patients’ sensing data 
in order to capture the change in their ultradian, circadian, and infradian rhythm respectively. These metrics 
include mean activity level during the most active 10 h and the least active 5 h, rest-activity relative amplitude, 
interday stability and intraday variability, deviation from template, multi-scale entropy, and periodogram. The 
type of rhythm each metric tries to capture is summarized in Table 4. We will describe the metrics in detail.

Table 3.  EMA questions used in the study. Options: 0—not at all; 1—a little; 2—moderately; 3—extremely.

Dimension Description

Depressed Have you been DEPRESSED?

Seeing things Have you been SEEING THINGS other people can’t see?

Harm Have you been worried about people trying to HARM you?

Hearing voices Have you been bothered by VOICES?

Sleep Have you been SLEEPING well?

Stressed Have you been feeling STRESSED?

Think Have you been able to THINK clearly?

Hopefulness Have you been HOPEFUL about the future?

Social Have you been SOCIAL?

Calm Have you been feeling CALM?
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Another important thing that needs to be considered is the amount of historical data used for computing 
rhythms features. The pattern of these rhythms might change depending on the amount of historical data (win-
dow length) we are observing, for instance 2 days of data versus 14 days of data. Using different window lengths 
to compute the features will help us identify the most predictive window length to predict changes in symptoms 
in regard to different sensor modalities and different periodicities. For example, Reinertsen et al.50 showed that 
features extracted from heart-rate data and accelerometer data using an 8-day window generally resulted in 
higher accuracy for predicting schizophrenia than using a 2-day window. Taken together, we computed our 
rhythm features with the following procedure. First, for each type of sensor data, we took the data segment 
between day d − w and day d, where d is the day when an EMA was reported and w is the window length. The 
values we used for window length are 2, 4, 6, 8, 10, 12, and 14 days. Next, for each data segment, we applied all 
the rhythm metrics (Table 4) to extract the rhythm features. As such, each rhythm feature entails information 
regarding (1) modality: the type of sensor data, (2) periodicity: which type of rhythm the metric corresponds to 
and (3) time-window: the amount of historical data used for extracting that feature, and. These three dimensions 
are summarized in Table 5. In the remainder of this section, we will describe all the rhythm metrics.

Multi-scale Entropy (MSE). Multi-scale  entropy50 is used to calculate a person’s sample entropy with a range of 
different time scales. Sample entropy (SampEn)51 is a measure of the complexity, or irregularity, of time series 
data, especially physiological time  series52,53. Intuitively, it calculates the probability of finding matching tem-
plates with length m+ 1 (consecutive m+ 1 data points) given a matching template with length m and tolerance 
r. Mathematically, it is defined as:

where m is the template length, r is the tolerance, n is the total number of data points in the time series, and Um 
is the number of matching templates with length m.

Multiscale entropy calculates the SampEn for time series at less granular levels. More specifically, for the τ-th 
time scale, each element of the coarse-grained time series, yτj  , is given by:

Sample entropy is then calculated for yτj  at time scale τ.
It was suggested that m = 1 or 2 and r in the range of 0.1–0.25 S.D. (standard deviation of the time series)53 

tend to give good statistical properties. As such, we chose m = 2 and r = 0.25× S.D. when calculating the 
multiscale entropy. In this paper, we used 6 different time scales, τ = 1, 2, . . . , 6, which is aimed to capture the 
behavioral complexity in the time scale ranging from 1 to 6 h.

Power spectrum density. We applied periodograms to obtain the area under the curve of power spectrum den-
sity (PSD) with periods of 2, 4, 8, 16, 20, 22 h, 27, 28, 32, 36, 64, 72, 128, 256, and 512 h.

Most-active 10 h (M10) and least-active 5 h (L5). The mean activity level during the most active 10 h, or M10, 
is defined as the mean value of the sensing data during the most active 10 consecutive hours. And the mean 
activity level during the 5 least active hours, or L5, is defined as the mean value of the sensing data during the 

(1)SampEn(m, r, n) = −ln
Um+1

Um

(2)yτj =
1

τ

jτ∑

i=(j−1)τ+1

xi

Table 4.  The different rhythm categories and the corresponding rhythm metrics. The categorization, namely 
ultradian, circadian, and infradian, is based on whether the rhythm’s periodicity is less than, equal to, or 
greater than 24 h.

Periodicity Rhythm Metrics

Ultradian Multi-scale entropy, power spectrum density (with period less than 20 h)

Circadian M10, L5, relative amplitude, deviation from template, interday stability, intraday variability, power spectrum density (with 
period greater than 20 h and less than 30 h)

Infradian Power spectrum density (with period greater than 30 h)

Table 5.  The three dimensions used to characterize each feature and the different factors in each of the 
dimensions.

Dimension Factor

Modality Acceleration, app usage, call, SMS, screen on/off, location, conversation, sleep, light, sound

Periodicity Ultradian, circadian, infradian rhythms

Time-window Previous 2, 4, 6, 8, 10, 12 and 14 days
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least active 5 consecutive  hours54. In general, M10 corresponds to a person’s daily activity and L5 corresponds to 
a person’s nocturnal activity. People with mental disorders or mental illnesses tend to have more irregular daily 
and nocturnal activity patterns, which results in more significant changes in their M10 and L5. In other words, 
the two values are proxies of a person’s level of activity during the day and at night, which can be used to detect 
changes in a person’s daily and nocturnal activity.

Rest-activity relative amplitude (RA). Based on M10 and L5, rest-activity relative amplitude (RA) can be com-
puted to characterize the difference between a person’s daily activity and nocturnal activity, which is calculated 
as:

The value of RA ranges from 0 to 1. Healthy people tend to have higher values of RA, which means increased 
activity during daytime and reduced activity during sleep, whereas people with mental disorder tend to have RA 
values that fluctuate quite a lot due to their irregular daily activity and sleep patterns.

Deviation from template. We computed 24-h activity templates (average hourly activities) with data from the 
past 2–14 days to capture short-term and long-term rhythm changes. Then we computed the mean, median, and 
standard deviation for the following two values: (1) the difference between the template and the hourly activity 
during each day for the past 2–14 days, and (2) the difference between the template and the previous day. These 
measures are indicators of rhythm changes over the past 2–14 days and any abrupt changes between the previous 
2–14 days and the previous day.

Interday stability (IS) and intraday variability (IV). Having a regular routine plays a huge role in the condi-
tion of people with mental disorder or mental illness. To quantify the regularity of a person’s routine over time, 
intraday stability and interday variability are the two important metrics that have been widely  used55. Interday 
stability (IS), a measure of how stable a person’s rhythm is over multiple days, is defined as:

Intraday variability (IV) is a measure of the fragmentation of a person’s activity, namely how activity level shifts 
between two consecutive hours. It is defined as:

where n is the total number of data points, xi represents individual data points, q is the total number of hours 
during the time frame of the measure, xh is the hourly mean during hour h, and x = 1

n

∑n
i=1 xi.

It is worth noting that IS and IV are only applicable to continuous time series. As such, we only applied IS 
and IV to participants’ accelerometer data, ambient light intensity, and ambient sound level.

feature benchmarking. Apart from our rhythm features, we also trained models with the features used in 
the previous  studies11,12 to compare the resulting prediction accuracy. The features are summarized in Table 6.

Algorithms.  Single-task learning. Our first goal is to develop models that are more interpretable and clini-
cally meaningful that clinicians can act on. To this end, beyond more interpretable rhythm features, we also need 

(3)RA =
M10− L5

M10+ L5

(4)IS =
n
∑q

h=1
(xh − x)2

q
∑n

i=1(xi − x)2

(5)IV =
n
∑n

i=2(xi − xi−1)
2

(n− 1)
∑n

i=1(xi − x)2

Table 6.  Summary of features used in previous work.

Features Description

Physical activity Durations of walking states, stationary state, and stationary plus in vehicle state

Speech and conversational interaction
The number of independent conversations and their duration as a proxy for social interaction. The 
ratio of detected human voice labels observed (e.g., amongst all inferred audio frames during a 
day, for example, 10% human voice)

Location and mobility
Distance traveled, the number of places visited, and location entropy from the location data, 
the number of places visited, the distance traveled, and location entropy using the centroid coordi-
nates of visited places

Sleep Sleep duration, sleep onset time, and wake time each 24 h period day based on the longest period 
of inferred sleep from ambient light, audio amplitude, activity, and screen on/off

Phone usage, calls, and texting
The number of phone lock/unlock events and the duration that the phone is unlocked. the 
number and duration of incoming and outgoing phone calls, and the number of incoming and 
outgoing SMS messaging

Ambient environment Mean audio amplitude to determine the acoustic conditions ranging from quiet to loud environ-
ments. The standard deviation of the audio amplitude
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to reduce the feature dimensionality (originally 4157 features in total). We applied least absolute shrinkage and 
selection operator (LASSO), an effective way to select the most relevant features by adding regularization to con-
trol the sparsity of the coefficients in the model. Given the data Xu ∈ R

eu×d from user u (where eu is the number 
of EMA entries the user completed, and d is the dimension of the feature vector) and the user’s scores Ys

u ∈ R
eu 

for EMA symptom s, the objective function can be expressed as

ws
u ∈ R

d is the weight vector for predicting symptom s for user u, and 
∣
∣ws

u

∣
∣
1
=

∑
i

∣
∣ws

ui

∣
∣ (the l1-norm). α is the 

penalty for the sparsity of ws
u . The bigger α we choose, the fewer non-zero coefficients ws

u will have and vice 
versa. Moreover, the absolute value of each element indicates how important that corresponding feature is in 
predicting scores of that EMA item.

If we assume that the feature weights for predicting a symptom s are identical across all the patients, we can 
also train a generalized model for predicting a score item s for all patients with similar formulation:

where X =
[
X1; . . . ;Xp

]
 ∈ R

(
∑p

u=1 eu)×d , which is the concatenated feature matrix for user 1, 2, · · · , p ; 
Ys = [Ys

1; . . . ;Y
s
p] ∈ R

(
∑p

u=1 eu) , which is the concatenated EMA scores for symptom s across all the patients; 
and ws ∈ R

d .

Multi-task learning. From a clinical perspective, similar behavioral changes and trends that result in specific 
symptoms usually manifest in different users. Similarly, the different symptoms associated with schizophrenia do 
not happen  independently56. When a patient experiences one symptom, hearing voices for instance, they might 
also experience other symptoms such as seeing things or feeling someone is going to harm them as a result of 
hallucination. However, the types or the extent of the symptoms might vary from patient to patient. Similarly, 
for different symptoms, some symptoms might be more severe than the others. As such, we need to have models 
that not only leverage information from different patients or related symptoms, but also account for individual 
or inter-symptom differences in order to best capture the key behavioral markers for the target patients or the 
target symptoms.

Multi-task  learning57 (MTL) is a commonly used method to simultaneously train prediction models for 
multiple related tasks. MTL has been shown to train models that are better at capturing shared latent variables 
by taking into account not only the similarities but also the differences between the different tasks. In our case, 
the prediction tasks can be formulated as two different types of multi-task learning problems—Type (1): Given a 
user, predicting that user’s symptom scores for all the different symptoms; Type (2): Given a symptom, predicting 
all the users’ symptom scores for that symptom. For simplicity, we will use MTL-symptoms and MTL-patients to 
refer to these two MTL problems respectively.

Given a user’s EMA scores for all the different symptoms Yu =
[
Y1
u , . . . ,Y

k
u

]
∈ R

eu×k , where k is the total 
number of different symptoms, the objective function for the MTL-symptoms, based on the formulations pro-
posed by Nie et al.24 and Zhou et al.26, is formulated as

Wu =
[
W1

u , . . . ,W
k
u

]
∈ R

d×k is the weight matrix for predicting the scores for the individual symptoms. α is the 
regularization parameter. ||·||F is the Frobenius  norm58. ||W ||21 =

∑
i

√∑
j w

2
ij  (the l2,1-norm59). Joint l2,1-norm 

minimization has been shown to be effective in enforcing joint group  sparsity21–23,25–27. In other words, the regu-
larization encourages a group of related tasks to share a small subset of features. We used Scikit-learn60, the 
open-source machine learning package, for the implementation.

For MTL-patients, the objective function for training all the users’ models to predict the scores for symptom 
s, which is based on the formulations proposed by Argyriou et al.21,22 and Zhou et al.25, is formulated as

where Ws =

[
Ws

1, . . . ,W
s
p

]
∈ R

d×s , and each column in Ws is the weight vector for predicting each user’s scores 
for symptom s. The goal is to find a set of weight vectors that not only minimize the prediction error for each 
user, but also share as much commonality as possible.

For comparison, we also trained MTL models for MTL-symptoms using multi-output support least-squares 
vector regression  machines61 (m-SVR). m-SVR is an extension of single-output support vector regression 
 machine62 aimed to learn a mapping from multivariate input feature space to a multivariate output space. Instead 
of training multiple independent single-output SVRs for all the related tasks, this algorithm was proposed to 
learn w0 , the mean regressor for all the tasks, and vi , a slight adjustment of the mean regressor when predicting 
the output for task i. In other words, the regressor for task 1, . . . ,T can be expressed as w0 + v1, . . . ,w0 + vT . The 
ultimate goal of this algorithm is to find small-sized vectors v1, . . . , vT to account for the task relatedness while 
minimizing the overall prediction error just like the optimization for single-output SVR.
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experiment. Predicting EMA scores. We conducted an experiment to compare the performance of the 
following prediction models: (A) m-SVR with linear kernel, (B) m-SVR with radial basis function (RBF) kernel, 
(C) MTL-patients, (D) personalized MTL-symptoms, (E) generalized MTL-symptoms, (F) personalized STL, 
and (G) generalized STL. A personalized model means that a model is trained for each individual user using 
the individual’s data, whereas a generalized model means that a model is trained for all the users using all the 
users’ data.

To evaluate the performance of the models, we trained the individual models using the following manners 
to obtain the predicted EMA scores respectively.

m-SVR models (for both types of m-SVR models): A m-SVR model was trained for each patient and predicted 
the scores for all the symptoms with fivefold cross validation. We got eu ( # of EMA entries a patient completed)× 10 
(symptoms) predicted scores for each patient after a fivefold cross validation, and in total 

∑p
u=1(eu × 10) pre-

dicted scores across all the patients.
MTL-patients models: A model was trained for all the patients simultaneously for each symptom with semi 

leave-one-subject-out cross validation. That is, the test patient’s data was split into fivefolds; fourfolds of the data, 
along with other participants’ data, were used for training and the remaining data was used for testing. Hence, 
after repeating the process and using all folds of data for testing, we obtained 

∑p
u=1 eu predicted scores (which 

is the total number of EMA entries completed by all the patients). In total, we got 10 (symptoms) ×
∑p

u=1 eu 
predicted scores.

Personalized MTL-symptoms: A model was trained for each patient to predict the scores for all the symp-
toms with fivefold cross validation. Therefore, we got eu ( # of EMA entries a patient completed)× 10 (symptoms) 
predicted scores for each patient after a fivefold cross validation and in total 

∑p
u=1(eu × 10) predicted scores 

for all the patients.
Generalized MTL-symptoms: One single model was trained for all the patients to predict the scores for all 

the symptoms with leave-one-subject-out cross validation. We obtained 
∑p

u=1 eu × 10 predicted scores after a 
leave-one-subject-out cross validation.

Personalized STL models: A model was trained for each patient and each symptom with fivefold cross valida-
tion. Thus, we got eu predicted scores for each patient after a fivefold cross validation and in total 

∑p
u=1(eu × 10) 

predicted scores.
Generalized STL models: A model was trained for all the patients to predict the scores for each symptom with 

leave-one-subject-out cross validation. Therefore, we got 
∑p

u=1 eu predicted scores after a leave-one-subject-out 
cross validation and in total 10 (symptoms)×

∑p
u=1 eu predicted scores.

With all the predicted scores for all the symptoms and for all the patients, we then computed and com-
pared the root-mean-square-error (RMSE) of the predictions by each of the algorithms for each combination 
of symptom and patient. We conducted an aligned rank transform  ANOVA63, with algorithm and symptom as 
the independent variables and RMSE as the dependent variable, to examine the main effects of algorithm and 
symptom. Post-hoc pairwise comparisons using Tukey’s Honest Significant Difference (HSD)  test64 were also 
performed to compare the influences of the different algorithms.

In addition, we investigated how different cross-validation procedures might influence prediction accuracy, 
particularly procedures that simulate real clinical settings. As such, we trained and evaluated the models on his-
torical and future data respectively. More specifically, we split the data into twofolds chronologically, with the first 
80% of the data for training and the remaining 20% for testing. This can give us an idea about how well the models 
predict future EMA scores based on the historical data. For each model, we compared the resulting RMSEs to 
the RMSEs obtained from the cross-validation procedures mentioned earlier (e.g., randomly shuffled test sets 
for m-SVR(rbf) models and leave-one-subject-out cross-validation for MTL-patients models) using paired Wil-
coxon  tests65 and applied Holm-Bonferroni  corrections66 to the individual comparisons to adjust the p-values.

Finally, we examined whether the rhythm features enabled better prediction performance compared to the tra-
ditional statistical features used in the previous  studies11,12, where features computed over an entire day and over 
four different epoch periods—morning, afternoon, evening, and night, were used. We used the same experiment 
setup to train MTL-patients models with the same previously used statistical features (we chose MTL-patients 
models due to the models’ interpretability). We trained MTL-patients models to predict the individual symp-
toms with our proposed rhythm features and the traditional statistical features respectively; for each symptom, 
we compared the median difference in the RMSEs of models trained with rhythm and statistical features using 
paired Wilcoxon tests and applied Holm-Bonferroni corrections to adjust the p-values.

Finding heterogeneity. To better interpret how the different factors in each of the dimensions play a role in 
predicting different symptoms, we computed the mean aggregated weight for the individual factors in MTL-
patient LASSO models. Essentially, each of the features is encoded with information from the three dimensions, 
sensor modality, periodicity, and window length, and there are several factors within each of the dimensions 
(Table 5). For a set of features f1, f2, . . . , fn that entail information regarding factor p with corresponding weight 
w1,w2, . . . ,wn , we computed the factor’s mean aggregated weight, or contribution, cp as cp = 1

n

∑n
i=1 |wi| . It is 

worth noting that to make the results easier to interpret, for dimension periodicity, we first grouped the features 
based on ultradian, circadian, and infradian rhythm before we computed the contribution of the different fac-
tors.

Finding subtypes. In addition to heterogeneity in the top features for predicting different symptoms, we sus-
pected that there are also individual differences in regard to how those different sensor modalities, rhythms, 
and window lengths play a role in predicting the same symptom. For example, some patients are more prone 
to change in the ultradian rhythm of the environmental  noise67, and the same amount of change in the envi-
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ronmental noise is likely to have a significantly larger impact on their cognitive performance. That means that 
these patients’ models might have larger weights on specific sensor modalities, rhythms, or window lengths. To 
that end, we grouped the patients into different clusters based on the feature weights in their models in order to 
investigate if any subtypes exist.

For each symptom, we applied K-Means clustering  algorithm68 to the feature weights across all the MTL-
patients models to identify the different clusters, or the potential subtypes. Since we did not know the optimal 
number of subtypes for each symptom beforehand, we used K ranging from 2 to 10 for K-Means clustering and 
computed the corresponding mean silhouette  score69 to determine the optimal number of clusters. Silhouette 
score is a metric to estimate the quality of clustering. The larger the mean silhouette score is, the better the data 
points are separated into different clusters. Once the optimal number of subtypes was determined, we then 
compared the top predictive features in the individual subtypes and the importance of different factors within 
each dimension.

Data availability
The dataset generated during the current study is available from the corresponding author on reasonable request.
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