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Abstract

Fluctuations in pain, stress, and craving are thought to opioid misuse. Developing accurate
prediction models is vital for intervention and prevention efforts. In this work, we leverage physi-
ological data and semantic analysis of electronic health records to tackle the challenge of detecting
opioid misuse. Utilizing personalized hierarchical deep learning models, we analyze trajectories of
predicted pain, stress, and craving states with 10,140 hours of heart rate data collected by wearables
from patients on long-term opioid therapy. From these trajectories, we extract nonlinear dynamical
features and develop a novel relevance-based temporal fusion model of opioid misuse risk. We incor-
porate clinical data into a natural language processing (NLP) model to enhance opioid misuse risk
detection. We then fuse these results to achieve a robustly accurate opioid misuse risk assessment
(PRC AUC = 0.94 ± 0.05). This approach, combining physiological data, machine learning, and
semantic inference, marks a significant advancement in personalized prediction of addictive behavior
by elucidating the entropic nature of underlying affective state dynamics.

Keywords: Digital Healthcare, Affective State, Opioid Misuse, Machine Learning, Artificial Intelligence

1 Introduction
The misuse of opioids continues to pose a significant public health challenge, with far-reaching conse-
quences for individuals and communities. The United States particularly has observed a concerning
escalation in national overdose deaths caused by opioid misuse and disorder, rising from 21,089 in 2010
to 47,600 in 2017. This alarming trend intensified with the onset of the COVID-19 pandemic [1], with
reported deaths reaching 68,630 in 2020 and 80,411 in 2021 [2]. Regrettably, reported opioid misuse
deaths continued to escalate to 112,000 in 2023 [3]. Chronic, high dose opioid use is thought to induce
neuroplastic changes in corticolimbic and corticostriatal circuits that govern stress and reward-related
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processes, resulting in heightened stress, increased pain sensitivity, and intense craving states that dy-
namically interact and contribute to opioid misuse risk [4]. Despite growing awareness of these affective
drivers of opioid misuse, clinicians lack tools to monitor them in real time, leaving critical windows for
intervention unaddressed. Traditional assessment approaches, including self-report and periodic clinical
visits, are too infrequent to capture the rapid, nonlinear fluctuations in stress, pain, and craving that
often precede misuse. In this study, we present a novel, wearable-based system that passively detects
such high-risk affective states using heart rate variability (HRV) and machine learning. By modeling
the chaotic and dynamic nature of these states, our approach offers a data-driven and clinically relevant
solution to predicting opioid misuse risk-enabling early detection, personalized care, and just-in-time
intervention in everyday settings.

Affectively-valenced states integral to opioid misuse, including stress [5], pain [6], and craving [7],
manifest and kindle one another over time in temporally dynamic and complex networks that are stim-
ulated and perturbed by ongoing life events (e.g., the onset of a new stressor or pain episode) and
constrained by underlying stable dispositional tendencies [8]. Moreover, high frequency changes in these
states from moment-to-moment may be superimposed over low frequency changes in mood, addictive
tendencies, and chronic pain over the course of hours and days. As such, traditional linear models may
fail to capture the non-linear dynamics and entropy inherent in such complex systems, requiring more
complex computational modeling approaches [9]. Experience sampling methods and ecological momen-
tary assessments (EMA; typically recorded a few times a day) may not be of sufficient density to reflect
momentary fluctuations in stress, pain, and craving that increase the risk of opioid misuse behavior.
Because affective processes unfold on the order of several hundred milliseconds, sparse self-reports may
fail to capture critical windows where affect shifts in response to or remains stable in spite of changing
environmental contingencies [10]. Yet, the relative inertia or lability of momentary affective states may
contribute to addictive behaviors [11]. For instance, patients may report feeling “stuck” in negative
affective states that are hard to break, and consequently escalate opioid use as a means of obtaining
relief from the unremitting suffering.

Such complex system dynamics can be modeled via chaos theory, which provides a more intuitive and
comprehensive understanding of the emergent behaviors seen in conditions like chronic pain, stress, and
craving among people who use opioids [12, 13]. In chaos theory, nonlinear dynamics and chaotic features
account for the system’s sensitivity to initial conditions and the presence of multiple stable states, or
attractors, that the system gravitates towards. For instance, chronic pain can be seen as a maladaptive
attractor state in the brain’s neural networks, resulting from non-linear feedback loops and plasticity
[14]. Similarly, the regulation of stress and craving through allostatic processes demonstrates how the
system can achieve stability through adaptive changes to hedonic setpoints in the brain, reflecting the
principles of nonlinear dynamics [15]. Dynamic responses in the face of homeostatic perturbations (e.g.,
the onset of a stressor, a pain flare, or an episode of craving) activate a central-autonomic network
that governs appetitive behavior (e.g., opioid misuse) via downstream effects on neurovisceral pathways,
including vagal modulation of heart rate known as HRV [16, 17]. For example, phasic decreases in high
frequency HRV reliably index stress [18]. The advent of affordable, commercially-available wearables
(e.g., smartwatches) has made continuous ambulatory monitoring of HRV a feasible means of assessing
affective dynamics. In that regard, ambulatory measures of HRV have been shown to be associated
with momentary ratings of stress, pain, and craving [19–24]. By leveraging the nonlinear and chaotic
features of the stress, pain and craving scores automatically estimated by HRV timeseries data, modern
machine learning approaches can better capture the unpredictable and multifaceted nature of affective
states associated with opioid misuse risk.

Developing a passive, continuous and unobtrusive opioid misuse risk monitoring system [25–27] with
mobile and wearable technology can enable early misuse screening and just-in-time interventions. Here,
we test an opioid misuse risk model that uses passively and continuously captured HRV data from a
commercially-available smartwatch to estimate states predictive of opioid misuse. While mobile and
wearable sensor data have demonstrated efficacy in monitoring opioid administration moments [26–28],
tracking affective states [29] associated with opioid misuse presents a significant challenge due to the
highly individual-specific nature of perceived stress, pain, and craving levels. To meet this challenge,
we leveraged chaotic system theory to analyze and model opioid misuse behavior based on dynamical
affective states indexed by HRV signals obtained by a wearable. We developed a machine learning
system that detects stress, pain, and craving patterns from the HRV data. We captured the nonlinear
and chaotic dynamics of these affective states, and then used these features to estimate opioid misuse
risk. To enhance clinical relevance, we then integrated these physiological dynamics with a large language
model (LLM) to semantically represent patient demographic and health data. This integrated approach
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was then used to predict opioid misuse risk with a high degree of accuracy.
Through this work, we present a passive, continuous, and unobtrusive opioid misuse risk monitoring

system using commercially available wearable devices [25–27], providing a practical and scalable advance
over traditional screening methods. Unlike scheduled assessments, our method enables early identifica-
tion of misuse risk and just-in-time interventions while minimizing patient burden. Continuous passive
monitoring of physiological markers reflecting affective states allows risk detection between clinical visits,
supports automatic integration with electronic health records, and delivers personalized alerts to health-
care providers. By shifting monitoring from patients and clinicians to a low-cost, automated system, this
work advances the field of intelligent opioid use monitoring, bringing continuous, patient-friendly, and
clinically actionable surveillance closer to real-world deployment.

2 Results
To evaluate our approach, we adopt a two-stage process designed to capture personalized affective dy-
namics and assess opioid misuse risk. In Stage 1 (Personalized Affective State Prediction), we perform
within-subject 5-fold cross-validation using self-reported stress, pain, and craving levels as ground truth.
This personalized modeling approach is motivated by the idiographic nature of affective processes; no-
tably, the affect prediction model developed in this stage is never exposed to any misuse risk labels. In
Stage 2 (Misuse Risk Assessment), we use the affective representations learned in Stage 1 to infer trajec-
tories across the entire dataset, which includes a substantial portion of data not used in Stage 1 due to
the absence of self-reported affective scores. We then perform 5-fold cross-validation across participants,
ensuring subject-level independence between folds. All reported metrics reflect performance on unseen
validation data, with reasonable partitioning to prevent information leakage and maintain sufficient data
coverage.

2.1 Affective State Prediction
2.1.1 Evaluation Schema

To evaluate our methods compared to the baseline and for the ablation study, we used 5-fold cross-
validation. The split is stratified by subjects, and samples from each subject are split into 5 folds. The
baselines include models without personalization, as well as models with vanilla fusion of personalized
characteristics. Because we examined the incremental validity of taking a personalized prediction ap-
proach, some amount of data needs to be included in the training set for each subject. 8 out of 51
subjects are removed due to an insufficient number of samples with either lack of inter-beat interval
(IBI) or ground truth. The main modeling task is regression. Thus, at the same time we report the
testing mean absolute error (MAE), we also report the Pearson correlation coefficient between the pre-
dicted values from our model and the ground truth in the test sets. Using this evaluation framework, we
can not only assess the disparity between the predicted values and the ground truth, but also gauge the
extent of their linear correlation.

2.1.2 Personalization and Dynamic User Segmentation

Here we present the results of our ablation study on demonstrating the added predictive power of using
personalized and dynamic grouping modules. We observe that direct concatenation of personalized de-
mographic and clinical characteristics as suggested by the literature provides limited gain in performance.
Adding our proposed personalization module equipped with a branching algorithm following guidance
from [30] significantly improves performance above baseline model, the predicted stress, pain, and crav-
ing value achieves the Pearson correlation coefficient of respectively 0.70, 0.72, and 0.81. Similarly, the
mean absolute error are 1.44, 1.21, and 1.13 respectively. Detailed performance comparison and ablation
studies are presented in Appendix G in Table 17.

The shared temporal and spatial convolutional layers in the backbone, branching layers, and per-
sonalized layers of our model act as global, group-level, and individual-level representation learners
respectively to produce optimal predictive performance. Figure 2 presents a more intuitive visualization
of the model prediction, indicating a significant gain in performance from our personalized approach
with branching for dynamic user segmentation and novel temporal fusion. The box plots in figure 2
illustrates that while direct fusion of demographic information to predict affective states with wearable
data produces a flat response to increasing ratings, our learning to branch approach shows a diagonal
trend.
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2.2 Opioid Misuse Detection
The physiological signal (i.e., interbeat interval [IBI]) is systematically processed in multiple stages before
it is converted to the opioid misuse risk score. First, as described above, HRV features are extracted from
the raw IBI data which are then used to train a personalized stress, pain, and craving score prediction
network. By dynamically identifying optimal user group segmentation, the model generates personalized
predictions for levels of stress, pain, and craving longitudinally based on HRV data. The personalized
affect score prediction network generates a set of stress, craving and pain trajectories from the wearable
data from each of the participant’s data. The trajectories are divided by missing wearable data due to
moments of non-use, primarily due to sleep and battery charge. On average, each participant contributed
8.28 (SD=6.72) days worth of wearable data which resulted in 42 (SD=29) continuous trajectories on
average where each trajectory is 4.75 (SD=4.02) hours long.

2.2.1 Evaluation Schema

For conducting the task of opioid risk assessment, we construct the modeling problem as a binary
classification task. Considering that we have time series of predicted affective pain, stress, and craving
states and text-based clinical data as 2 main modalities in the available data, we carefully process each
modality separately, aiming to feed informative features to train the classifier.

For evaluating the methods, we conduct 5 fold cross validation where the users are divided into 5
groups. The train and test process is conducted such that each time one of the 5 groups is left as a test
set, and we can evaluate the performance of our proposed model on data from unseen participants.

2.2.2 Experimental Performance

For conducting the task of opioid risk assessment, we construct the modeling problem as a binary
classification task. For the time series of affective states, we leverage nonlinear dynamics features to
represent each series. The nonlinear dynamics features are a fixed set of metric numbers that are used to
describe the chaotic and predictability of the trajectories of affective states inferred from raw physiological
signals. For the text based clinical data including opioid prescription, symptoms, psychiatric disorders,
and basic demographics, we compute semantic representation from the raw text by extracting embedding
vectors from pretrained transformer based language models. These semantic representations will carry
the information about the users’ health status, and are able to differentiate between users with different
prescribed types of opioids and different demographics. We then train a lightweight neural network model
with the nonlinear dynamics features (e.g., Persistence Entropy) from the user’s states estimated from
the wearable signals. Furthermore, we fuse the language models’ (ClinicalBERT and ClinicalTinyLlama)
embeddings. With the novel relevance based fusion mechanism (NNRF), we are able to assess the extent
of relevance of predicted state trajectories from various days with various recorded lengths. With a
linear probing layer, we are able to directly fuse wearable based nonlinear dynamics features with health
records based semantic features and output final opioid misuse risk score.

From Table 1, we can see that LLM ClinicalTinyLlama with all EHR features and inferential results
from NNRF achieve the highest ROC and PRC AUC scores of 0.863 and 0.940 respectively. Opioid
misuse detection performance improves when the nonlinear dynamics feature-based model is fused with
the semantic representation model for clinical data.

Figure 3 presents the T-SNE plot of the test time embedding representation from the best version
of the model: ClinicalTinyLlama fusing inferential score from nonlinear dynamics model. These data
indicate that the latent space comprising information from nonlinear dynamics features (NLD) and
semantic embedding clearly differentiates opioid misusers from individuals who take opioids as prescribed
by their physician.

2.2.3 Reduced Entropy in Opioid Misuse

In Figure 4, we visualize the stress, pain and craving trajectories in a 3-dimensional space where the 3
coordinates indicate respectively the state at time t (i.e., current time), t-1 and t-2 which is also widely
known as Takens embedding [31]. Takens embedding is one of the widely used time series representation
techniques to transfer the time series into points cloud. Since the personalized state prediction model
estimates stress, pain, and craving ratings every 30 minutes (with a window shift of 30 minutes), the
Takens embedding in this plot captures the current and past one hour’s states. Figure 4 illustrates that
the state trajectories of prescription users are significantly more irregular, unpredictable and chaotic in
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nature compared to that of the miusers’ states. For misusers, the three states (of the 3 consecutive
hours’) are more correlated, with less variability, and follow a smoothed, spiral pattern.

In order to understand the statistical significance of our observation, we employed persistent homol-
ogy analysis of trajectories of stress, pain and craving separately. The term ‘homology’ here refers to
structures that enclose an area. For instance, homology of 0 dimension refers to connected components
which represent the presence of isolated clusters in the data, and homology of 1 dimension refers to loops
or tunnels within the data. We first extract these homology on the point cloud generated by Takens em-
bedding from the predicted trajectories of stress, pain, and craving, then we calculate the entropy among
0 and 1 homology dimensions. Entropy here is a concept commonly used in nonlinear dynamical data
analysis to measure the predictability or randomness of a system which quantifies the total information
gained when the state of a system changes. The more the information gained, the more divergent the
states are, hence implying less predictability.

In order to find the statistical relationship between the nonlinear dynamics patterns in pain, stress,
and craving states of prescription and misusers, we conduct permutation tests on the distributions of
persistence entropy between opioid misusers and those who take opioids as prescribed. We conduct this
permutation test on each of the states with entropy calculated on homology of zero and one dimensions
separately. Table 3 indicates that prescription users tend to have significantly more unpredictable stress,
pain, and craving trajectories than those of misusers.

2.3 Ablation Study
We conducted an ablation study on different nonlinear dynamics features including persistence entropy
[32], Lyapunov exponent [33], and DFA [34] which is similar to Hurst exponent [35]. We also experi-
mented with widely used statistical features in time and frequency domains, as well as some cross-domain
combinations between these features. The result is shown in Table 9. Persistence entropy and Lyapunov
exponent are the two most representative features that describe the degree of chaos and predictability of
state trajectories across the day. A key takeaway from this ablation study is that nonlinear dynamical
features which comprise information related to the chaotic state of the system yield the best performance
for predictive opioid misuse. We also test the performance of the model when given trajectories from
various days. With constraints set on 2 days, 4 days, 1 week, and all of available data, we observe AUC
PRC of 0.738, 0.760, 0.821, and 0.875 respectively. Thus, the more available data there are, the better
the performance.

2.4 Generalizability and Cross-Cohort Evaluation
To further justify the generalizability of our proposed methodology and to emphasize the nonlinear
dynamical features from the inferential trajectories of affective states across the day, we obtained new
data from 21 additional opioid users with chronic pain, including 13 opioid misusers and 7 prescription
users. The dataset comprises 2807 hours of raw IBI data (on average 5.29 hours per continuous raw
signal series, 133.67 total discontinued hours per subject). We then re-ran the analysis and ablation
studies on this second external dataset. From Table 16, we observe that integrating such nonlinear
dynamical entropy features boosts model performance significantly by 7.14% with respect to AUC ROC
comparing to approach that only leverage HRV features, from 0.700±0.292 to 0.750±0.316. Notably, this
dataset does not have EHR data due to privacy consent, which on the other hand, further strengthens
the feasibility of our methodology on inferring opioid misuse behavior from wearable (i.e., smart watch)
physiological data as a primary data source.

Finally, because this data set has a similar nature to the main dataset we analyzed in the original
paper, both in terms of raw data format and time scale„ we combined all the nonlinear dynamical features
together then re-ran the statistical analysis. This integrated feature dataset comprises information from
all 72 subjects, 12947 hours of raw IBI data, and 2666 inferential trajectories of affective states across
the days when subjects wear the smart watch. From the table below, we observe that prescription users
consistently have significantly larger persistence entropy than the misusers at 1 dimension homology
across all affective states (P < .001).

The detailed description and results of additional external datasets are presented in the supplementary
section F. The experimental results from these two independent datasets are consistent with our original
observations, highlighting that: (a) people who misuse opioids have significantly low persistence entropy
compared to individuals who take opioids as medically prescribed and (b) such nonlinear dynamical
features always bring benefit to performance on opioid misuse risk prediction.
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3 Discussion
Affective states of stress, pain, and craving are known to increase risk of opioid misuse among people
with chronic pain. Here we proposed a integrated personalized temporal fusion and semantic model
that combines physiological, demographic, and clinical data to estimate nonlinear trajectories among
these states and provide a means of accurately detecting opioid misuse. We observed that patients who
misuse opioids show markedly less entropy in estimated stress, pain, and craving states over time relative
to patients who take opioids as prescribed. Moreover, fusing state estimation from cardiac-autonomic
signals with semantic representation of clinical data resulted in a model with predictive performance
that surpasses the accuracy of “gold standard” clinical assessments of opioid misuse.

The attenuated entropy in stress, pain, and craving trajectories among patients who misuse opioids
is consistent with prior research demonstrating reduced heart rate variability in opioid misuse and opioid
use disorder [36–39], and might be explicated allostatic models of addictive behavior [4, 40–42]. These
models propose that chronic use of substances like opioids causes allostatic shifts in brain stress and
reward thresholds, resulting in increased sensitivity to stress, pain, and craving, which drives substance
misuse as a means of self-medicating the resulting dysphoria. Yet, this regulatory attempt comes at cost
by further increasing sensitization to stress, pain, and craving, trapping the individual in a downward
spiral of behavioral escalation [4] toward the loss of control of opioid use. Consistent with the downward
spiral model linking chronic pain to opioid misuse and addiction, here we observed that opioid misuse
was associated with spiraling pattern of affective state trajectories reflective of reduced entropy. In
the downward spiral underpinning opioid misuse, negentropic processes (underpinned by neuroplasticity
in corticolimbic and corticostriatal circuitry) make it difficult to for a given individual to shift out
of a negative affective state (e.g., stress, pain, and craving) to a more positive affective state. Thus,
negative affective experiences tend to predominate and be conserved in the form of dysphoric moods
that are relatively intractable to changes in the environment. In contrast, individuals who take opioids
as prescribed may exhibit greater flexibility in responding to changing life conditions, manifested in
increased state variability and greater entropy than people who misuse opioids. Thus, opioid misuse
represents a condition characterized by relative inflexibility and stereotypic or habitual responses. In
that regard, reduced affective and autonomic flexibility has been proposed as a pathogenic risk factor
for a wide range of psychiatric conditions, including substance use [43–46].

Combating opioid misuse is a critical and complex problem that requires a multifaceted approach to
risk detection. Our proposed pipeline that models both physiological and clinical data can significantly
advance risk detection efforts. Firstly, our proposed model analyzed patterns in physiological data to
discriminate between patients who misuse opioids from those who take opioids as prescribed by their
physicians on the basis of predicted stress, pain, and craving states. Trends in these states over time could
indicate a worsening of pain or opioid dependence towards opioid misuse and addiction. By integrating
clinical semantic data (such as that which is commonly available in electronic medical records), including
opioid prescription and pain diagnostic information, our system can further refine its predictions and
identify patients with a higher likelihood of developing opioid misuse problems.

Secondly, our final model enables personalized risk assessments based on individual patient character-
istics such as age, gender, psychiatric diagnosis, and opioid prescriptions. Moreover, our state prediction
module leverages advanced personalization techniques, namely dynamic grouping via learning-to-branch,
which improve performance on estimating stress, pain, and craving. Such a platform enables passive
monitoring of opioid misuse-related states, and therefore may be useful in informing future just-in-time
adaptive interventions at moments of particularly high opioid misuse risk.

Finally, our proposed pipeline leverages a lightweight neural network to make predictions based on
nonlinear dynamical features and semantic embedding from relatively small natural language models.
We ensured that the entire pipeline can be deployed on local or portable devices, such as mobile phone
or personal laptop, ensuring privacy and minimizing the cost of deployment. Moreover, our approach
leverages passive wearable sensing technology already widely accepted in consumer markets Indeed, we
used a widely commercially available and inexpensive (e.g., Garmin watch with cost of $100 USD) wear-
able smartwatch to collect the primary study dataset. Compared to traditional opioid misuse screening
methods that require frequent in-person visits, our approach offers a promising alternative by enabling
passive inference of misuse risk scores from wearable physiological signals, hence, introduces minimal pa-
tient burden and is highly feasible for daily clinical use. Clinically, the data collected through wearable
devices can be seamlessly integrated into existing healthcare workflows, automatically syncing with elec-
tronic health records and analytic platforms. This setup allows healthcare providers to receive real-time
alerts and personalized risk assessments, facilitating timely interventions tailored to individual patients.
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As a result, this work could push the field of intelligent opioid use monitoring and intervention one step
closer to the actual deployment in clinical settings.

The typical approach to detecting and managing opioid misuse often involves regular on-site screen-
ings and assessments, necessitating significant time and effort in clinical settings. This approach not
only places an extra burden on healthcare infrastructure but also lacks the continuous and unobtrusive
monitoring essential for detecting opioid misuse in real time. If opioid misuse can only be detected at the
intervals of scheduled clinical assessments, opioid misuse events that occur between those intervals may
go unaddressed, increasing risk for negative health outcomes, including opioid overdose. Our proposed
approach, employing personalized models based on wearable wristbands, analyzing the chaotic features
of stress, pain, and craving states, and incorporating semantic clinical data (such as that included in
most electronic medical records), offers a less obtrusive alternative for real-time monitoring. By enabling
passive monitoring of opioid misuse-related states via physiological data, we mitigate the need for fre-
quent intrusive on-site assessments, respecting individuals’ autonomy. Furthermore, continuous passive
monitoring allows for detection of opioid misuse risk in moments between scheduled clinical assessment
appointments, thereby preventing adverse consequences. The advancements of our approach strategy
have also shown in other digital healthcare applications, such as remote patient monitoring in chronic
illnesses [47, 48], where a non-invasive, continuous approach has proven more ethical and patient-friendly
than frequent hospital visits.

Monitoring of opioid misuse behaviors associated with heightened pain, stress, and craving may help
to prevent the development of opioid use disorder. On-body sensor-based monitoring reduces the burden
of repeated self-reported measures. In our dataset, we observed that we need, on average, 3 weeks of
wearable and EMA data from a user to achieve a strong predictive association between model inferential
and self-reported states. This finding has practical implications for clinical implementation. For instance,
if a participant is prescribed opioids as part of a surgical procedure (e.g., spinal fusion), medical staff
could help ensure high quality data are obtained in the postoperative inpatient stay and for the first follow
up appointments post-discharge. Following this period, our system would require minimal supervision
and could continue to predict opioid misuse with a high degree of accuracy using passively collected
physiological data, making it more practical for long-term monitoring in people with chronic pain.

In addition, our proposed approach provides a more interpretable metric for monitoring of opioid
users. Instead of raw HRV features that contain more complex information for interpretation, a granular
trajectory of stress, pain, and craving levels throughout the day could better help healthcare professionals
develop more effective intervention strategies and mitigate foreseeable health harms.

In a real-world scenario, a privacy consent is mandatory for obtaining the demographic information.
As a suggestion for future works, in addition to obtaining a larger dataset, it is also worth exploring
disentanglement learning [49] to obtain a generative model. The best practice such as variational au-
toencoder (VAE) [50] can be leveraged with latent variables being instructed by the demographic data
[51]. With such an approach, the pre-trained VAE can be further leveraged for data augmentation under
the data-hungry scenario.

3.1 Limitations
The main challenge faced by our current approach is that the model conducting prediction of stress,
pain, and craving states makes inference under personalized manner. This approach is mainly proposed
to address the inter-subject variability. As a result, when a new user joins the system, the model is
facing a cold-start problem, i.e. having difficulty to make accurate predictions due to a lack of initial
data. The lack of training data from new users will not only reduce the predictive accuracy for detecting
risk in these individuals, but could also potentially distort the model because the model could easily
get overfitted on the limited initial data, hence the model could lose generalization. According to our
ablation study, we found that approximately 3 weeks of wearable data along with self-reports of stress,
pain, and craving would be sufficient to help our model to learn person-specific trends and achieve stable
performance.

Finally, to mitigate privacy concerns related to collecting and processing physiological sensor data
and electronic health records, we will only use inferred stress, pain, and craving states for risk assessment,
avoid storing raw data, and anonymize data to exclude personal identifiable information from the training
prediction process.
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4 Methods
In this work, we leverage novel deep learning techniques to achieve promising inference of affective
states in opioid users including stress, pain, and craving by taking 1 hour inter-beat interval (IBI) and
quantitative demographic data as model input. With such a model, we are able to generate dense
affective states trajectories across the day(s) which minimize the opioid user’s effort on self-reporting.

With such an inference model as prerequisite, we then aim to conduct an opioid misuse risk assess-
ment. Towards this aim, we first leverage chaotic theory [52] to analyze the non-linear dynamic features
of the affective state trajectories. Then we developed a lightweight machine learning model to conduct
binary classification on whether or not participants show signs of opioid misuse. We also integrate a
novel temporal fusion mechanism within the model which allows us, as researchers, to retrieve which
affective states trajectory contains the most abnormality for indicating opioid misuse situation.

In addition, we further explore the feasibility of LLM [53] on making semantic inference [54] based
on EHR data that are recorded by natural language, which haven’t been used by the pipeline introduced
so far. We finally fuse this to the pipeline, which enables the system to be able to output opioid misuse
risk score, along with affective states trajectory(s) that have high probability of being abnormal, as well
as semantic reasoning in natural language format. In summary, the general philosophy behind this step-
by-step modeling strategy, from raw wearable sensing data to the final inferential opioid misuse risk,
is aligned with empirically validated analytic schema used in several recent machine learning studies
[55–57].

Each part of the system, as shown in Figure 1, introduced above will be described in detail in the
following subsections.

4.1 Data Collection
4.1.1 Study Protocol

The study was approved by the Institutional Review Board of the University of Utah. We recruited
a total of 51 patients with chronic pain on long-term opioid therapy from electronic health records,
physician referrals, community advertisements, and online advertisements targeted in the Intermountain
West. The inclusion criteria for participants were as follows: proficiency in English, age >= 18, daily
prescribed opioid use for >= 3 months, and a reported chronic pain condition as confirmed by physician
assessment. Each participant was asked to wear a Garmin Vivosmart 4 smartwatch throughout the day,
during which heartbeat (IBI) data were recorded. Participants were then randomized to receive one of
two, 8-week long behavioral interventions (Mindfulness-Oriented Recovery Enhancement or supportive
group therapy). , to help them better manage their pain and opioid craving. Results from this clinical
trial have been reported elsewhere [58]. During the 8 week study treatments, participants were asked
to respond to one random EMA probe each day from 7 am to 9 pm. In addition, from 7 am to 9 pm,
participants were sent EMA probes when the Garmin Vivosmart automatically detected a deviation in a
HRV marker of physiological stress exceeding 1 SD of a participant’s moving average value. The statistics
of the dataset is shown in Table 2.

The Garmin Vivosmart collects photoplethysmogram (PPG), accelerometer, and pulse oximeter data
to detect physiological stress via Firstbeat PRO’s heartbeat analysis software [59]. The Firstbeat PRO
software estimates the individual’s maximal HR (HRmax), maximum respiration rate, and maximum oxy-
gen consumption (VO2max) based on participant gender, age, weight, height, and physical activity level.
To correctly classify heartbeats, RR-interval data obtained by the Garmin Vivosmart are processed with
an artifact detection filter before linear interpolation is used to re-sample artifact-corrected RR-intervals
at 5 Hz. The software then removes low frequency trends and variances outside the frequency bands
of interest from the re-sampled RR-interval data with a polynomial filter and digital FIR band-pass
(.03-1.2 Hz) filter. The software computes time domain and frequency domain HRV variables (e.g., high
frequency HRV at .15-.40 Hz). The software uses neural network modeling to segment second-by-second
RR-interval data into stationary segments. Prior to detection of physiological stress, the software dis-
tinguishes physical activity, postural changes, and movement artifacts from other non-metabolic factors
that influence cardiac activity (e.g., stress, pain, craving states). RR intervals and HRV spectral fre-
quency data provide estimates of respiration rate [60] as the frequency of peak power (amplitude) in the
respiratory spectrum. Physical activity is detected via accelerometry and VO2 , which when > 20% of
the participant’s VO2max the segment is labeled as activity and excluded from the physiological stress
metric. Accelerometer data further refines the detection of postural changes and other body movements.
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For non-physical activity, the segments when the body is in a stress state are determined. Stress is
defined as a state of sympathetic predominance, indicated by decreases in HRV from the individual’s
typical resting HRV level and elevated HR. The Firstbeat PRO algorithm-derived physiological stress
metric has been validated in multiple other studies [61–67].

4.1.2 Ground Truth Opioid Misuse Measure

After providing informed consent, participants were assessed with demographic and clinical measures,
including the Current Opioid Misuse Measure (COMM) [68], a well-validated and broadly used measure
of aberrant drug-related behaviors associated with opioid misuse. In a study of chronic pain patients on
long-term opioid analgesic therapy, receiver–operator characteristic curve analyses revealed that a score
of 9 or higher on the COMM had maximum sensitivity and specificity to identify prescription opioid
misuse. Participants with COMM scores ≥ 9 were classified as opioid misusers, whereas those with
COMM scores < 9 were classified as prescription users. Our sample was enriched for opioid misusers to
enable us to comprehensively study opioid misuse.

4.2 Affective States Prediction
4.2.1 Motivation behind Personalized Prediction

With a preliminary data analysis we observed distinct groups or clusters formed based on various de-
mographic factors exhibiting differing distributions of stress, pain, and craving levels. For each selected
demographic and clinical marker, we first conducted k-means clustering where the optimal number of
clusters is determined through the elbow method. Then we conducted permutation tests with test statis-
tics of average values on pairwise clusters. The statistical tests revealed several significant associations.
Younger participants (20s to 40s) reported higher levels of stress, pain, and craving (P < .001). College
graduates tended to report lower levels of stress, pain, and craving (P = .02). Participants with longer
pain durations also reported lower levels of stress, pain, and craving (P < .01). Similarly, those with
longer durations of opioid use reported lower levels of craving (P < .01). Finally, participants with psy-
chiatric disorder diagnoses reported higher levels of stress and craving compared with those without such
diagnoses (P < .001). The detailed statistical results are presented in Appendix B. These observations
are in line with literature in psychology and neuroscience that find individual-specific traits (e.g., genetic,
physiological, psychological, and environmental factors) to be significant predictors of affect states [69].

However, demographic factors alone fail to fully explain the opioid misuse risk. We mapped raw
sensor data obtained from a wearable wristband to stress, pain, and craving state ratings. The scatter
plots in Figure 5 show how different levels of each state are uniformly distributed in different regions of
the feature space formed by heart rate variability (HRV) features. Given this high degree of individual
variability, we designed a personalization scheme based on dynamic user grouping during the training of
computational neural networks for accurate state modeling.

We built a personalized model equipped with a dynamic grouping mechanism to continuously predict
each individual’s levels of stress, pain, and craving with a window size of 30 minutes. Our model is able
to achieve mean absolute error less than 1.5, and Pearson correlation coefficient above 0.7 (p < .001)
during test time. This predictive model of stress, pain, and craving states is one of the foundational
modules in our pipeline of opioid misuse risk assessment.

4.2.2 Personalized Affective State Prediction

As a foundational module in the pipeline of opioid misuse risk assessment, monitoring affective states
longitudinally is crucial because the misuse behaviors are highly related to the arouse and suppression
of stress, pain, and craving.

We observed, from exploratory data analysis, that there are statistically significant differences in
the distribution of affective states across different demographic groups. In addition, with support from
the literature, we also know that segmenting users into different groups is an important strategy used to
personalize the model. We leverage this observation and the information that lies in the user segmentation
to design a personalized affective state prediction model in opioid users.

The most common approach for personalization is to directly fuse the personalized representation to
the deep learning model before the final prediction output [70–73]. This approach will serve as one of
the baseline methods.
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Another intuitive but brute-force approach for personalization is to train or fine-tune a general model
for each individual, but this approach underutilizes the information from the full general population and
is susceptible to overfitting. To overcome this limitation, we adopt a more scalable approach based on
learning to branch where we reserve a small set of personalized parameters in the neural networks for
each individual while the remaining parameters are shared across all subjects.

To account for this, we propose a novel dynamic user segmentation mechanism implemented with
learning-to-branch [30, 74]. Using the branching technique, the network selects the output from a specific
branch for each user to optimize the objective function. This process ensures that the chosen branch’s
output aligns with the overarching goal of achieving the desired outcome in the network’s performance.
A visualization of the pipeline is shown in Figure 1, module A. More formally, our deep learning model
with hierarchical structure includes shared time-series embedding layers that extract both spatial and
temporal features. The branching (group) layers, indicated as Fbranch i in module A, are connected to
the embedding layers, followed by individual layers for each user, which are connected to all branching
layers with the learn-to-branch mechanism. By training on the task of predicting levels of stress, pain,
and craving with heart rate variability data as input, the model learns branches in the network that
assign each individual to the optimal group. We denote the output from branching layer i as Bi, the
likelihood of the personalized layer j receiving the output from the branch i as θi,j as shown in the gray
area in module A. Each personalized layer take the output from the branch with the highest likelihood.
Then the output, denoted as dj , which will be received by the personalized layer j is

dj = BT one hot{argmaxi(θi,j)} (1)

The argmax function is not differentiable. In order to make ∂dj

∂θj
differentiable and the results being close

to a one-hot vector, we used Gumbel-trick [75]. As a result, the branching operation becomes:

dj = BT exp((log θj + ϵ)/τ)∑
k exp((log θk,j + ϵk)/τ) (2)

The noise term ϵ is generated from the Gumbel distribution. This helps prevent the network from
favoring branches with higher likelihood at initialization, which could lead to gradient saturation issues
for branches with lower likelihood. The sharpness of the smoothed one-hot vector is regulated by the
temperature parameter, denoted as τ . We begin by initializing τ with a relatively high value and then
gradually decrease it in a linear fashion across epochs. This linear decay helps shift the likelihood
distribution towards a one-hot vector. The heat map in Appendix G Figure 9 presents an example
evolution of branching probabilities during the training. When training is done, users who choose the
same branch are considered to be in the same group.

4.3 Misuse Risk Inference
4.3.1 Non-Linear Dynamic Analysis

Nonlinear dynamics features in time series analysis and signal processing, as shown in Figure 1 module
B, refer to the phenomena where the behavior of a system or signal is not easily explained by linear
relationships and exhibits complex, often chaotic patterns. These features encompass a range of behaviors
such as periodicity, bifurcations, and attractors, which are characterized by sensitive dependence on initial
conditions and the presence of feedback loops.

Persistence entropy, in this context, quantifies the degree of predictability or randomness within the
time series by measuring the rate at which information is lost over time. Higher persistence entropy
indicates greater unpredictability and complexity in the time series, while lower entropy suggests more
regular and predictable behavior.

Lyapunov exponent is another metric for quantifying the chaotic behavior and sensitivity to initial
conditions exhibited by nonlinear dynamical systems. It measures the average rate at which nearby tra-
jectories in phase space diverge over time, providing insight into the system’s long-term predictability. A
positive Lyapunov exponent indicates exponential divergence of trajectories, suggesting chaotic dynamics
where small perturbations grow rapidly, rendering long-term predictions unreliable. Conversely, a neg-
ative Lyapunov exponent implies convergence of nearby trajectories, indicative of stability or periodic
behavior.

Detrended fluctuation analysis (DFA), as we also explored, is a powerful method used in time se-
ries analysis and signal processing to quantify the presence of long-range correlations and fractal-like
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properties in data. DFA involves the following steps: first, the time series is integrated to remove its
mean and detrended using a polynomial fitting procedure. Then, the fluctuation function is calculated
at various time scales, measuring the root-mean-square fluctuation of the detrended data. By analyzing
the relationship between these fluctuation values and the corresponding scale, DFA can reveal whether
the time series exhibits short-term or long-term correlations.

4.3.2 Relevance Based Temporal Fusion

With inspiration from retrieving memory stream in a previous study [76], we adopt a similar idea and
implement it in a novel way to fuse the same philosophy into the neural network, as visually demonstrated
in Figure 10. More specifically, we define the recency score Wrec of vector at each timestamp t as an
exponential decay function:

Wrec(t) = pT −t, t ∈ (0, T ), p < 1 (3)

where T is the total sequence length and p is the decay factor. We then define the relevance score Wrel

as:

Wrel(t) = cos sim(xt,
1
C

C∑
c=1

wc) (4)

where xt is the vector at step t, C is the output number of class, wc is the weight vector of the linear
mapping in the output layer with respect to the output class c, and cos sim is the cosine similarity
calculation function. The integrated weight W is finally defined as:

W (t) = Wrec(t) + Wrel(t)∑T
i=1 Wrec(i) + Wrel(i)

(5)

which will result in final output X =
∑T

t=1 xt · W (t). Intuitively, the latent representations from all
time steps are fused before the final output layer with weighted scores computed according to how close
they are to the most current time step and how relevant they are to the objective tasks. No trainable
parameters are added with this temporal fusion method, and the output layer is instructed to select the
most informative representations to optimize objective tasks.

4.3.3 Language Model Embedding

With the emerging technique of LLM [54], the potential benefits from having LLM driven assistant
system are revealed [53]. However, LLM not only introduce much challenges in the local deployment,
but also raise the privacy concern that the data will have to be sent to the API provided by lots of
third-party service provider company. As a result, we leverage relatively smaller and typical natural
language model including ClinicalBERT [77] and ClinicalTinyLlama [78] that have been finetuned on
clinical text corpus and can be easily deployed even on edge devices. In our clinical application on opioid
users specifically, we leveraging prompt engineering [79], as shown in Figure 1 module C, to integrate text
based data including basic demographic information, opioid prescription details, and clinical symptoms
associated with pain. We then takes the embedding from language model and leverage these semantic
representations for further misuse classification with lightweight linear probing method.

Prompt Engineering: We design the input to the language model with prompt engineering, ensur-
ing the information preservability and the quality of the semantic embedding. All the prompt is coded
in markdown format. The example template of prompt compressing EHR data is shown in the following
text box, where text enclosed in {} are the placeholders for filling in the corresponding data for each
sample:
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## Basic information:
- This patient is {age} years old
- pron’s education level is education, and current annual income is {income}.

## Prescription record
{nthprescription}
- Opioid name is {opioid}, with each dose being {dose}, {freq}.
- Recorded usage duration is {duration}.

## Current symptom
### Current Pain Condition
{pain list}
Self reported severity of {severity} out of 10. Duration as reported: ”{years}”

### Current Affective States
- Self reported craving level of {craving} out of 10.
- Self reported distress level of {distress} out of 10.
- Self reported depression level of {depress} out of 10.

5 Conclusion
In conclusion, this study advanced a novel, personalized approach to monitoring opioid misuse risk among
individuals on long-term opioid therapy, combining multi-task deep learning with dynamic branching
to account for inter-individual variability. By modeling stress, pain, and craving trajectories and in-
tegrating nonlinear dynamical features from wearable data with semantic embeddings from electronic
health records, we achieved superior predictive accuracy and nuanced insight beyond traditional binary
classification. Reduced entropy in opioid misuse-related affective state trajectories suggests diminished
regulation of maladaptive attractor states that drives a downward spiral of symptom worsening and be-
havioral escalation over time. This fusion of physiological data and semantic inferences offers a clinically
applicable, scalable tool for early detection and targeted intervention, laying the groundwork for more
responsive, evidence-based strategies to mitigate opioid misuse in vulnerable populations.
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Tables
When wearable NLD
features are not added

When wearable NLD
features are added

Model Features ROC AUC PRC AUC ROC AUC PRC AUC
Logistic Regression Demo 0.606±0.146 0.817±0.088 0.550±0.076 0.758±0.077
XGBoost Demo 0.571±0.160 0.751±0.084 0.652±0.133 0.790±0.107
Neural Network Demo 0.674±0.193 0.824±0.110 0.694±0.193 0.875±0.082
LSTM Demo, Affect 0.537±0.185 0.757±0.103 0.617±0.260 0.819±0.116
ConvTran Demo, Affect 0.573±0.092 0.782±0.064 0.614±0.174 0.810±0.104
ClinicalBERT Demo, Pres, Symp, Affect 0.567±0.142 0.811±0.066 0.605±0.219 0.812±0.112
ClinicalTinyLlama Demo, Pres, Symp, Affect 0.807±0.122 0.913±0.062 0.863±0.108 0.940±0.053

Table 1: Performance on the task of opioid misuse classification. ‘Demo’, ‘Pres’, ‘Symp’ and ‘Affect’
stands for features capturing respectively demographics, opioid prescription, pain symptom and affective
state information. ‘NLD’ stands for nonlinear dynamics. The mean and standard deviation across the
5 fold cross validations are reported. The peak performance across the two experimental settings (with
and without nonlinear dynamical features) are highlighted in bold.
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Factors Domain Statistics
Age, mean (STD) 53.2 (12.0)

Gender, n (%) Male
Female

28 (55)
23 (45)

College, n (%) Complete
Incomplete

32 (63)
19 (37)

OUD, n (%) Positive
Negative

16 (31)
35 (69)

Misuse, n (%) Positive
Negative

34 (67)
17 (33)

Treatment, n (%) Supportive
Mindfulness

20 (39)
31 (61)

Pain duration in years
mean (STD) 17.8 (9.5)

Opioid use duration in years
mean (STD) 6.4 (6.7)

Wearable data in hours
mean (STD) 198.8 (161.2)

Table 2: Demographic factors and statistics of sample population (N = 51). The statistics are presented
in count (n) followed by percentage (%) or mean with standard deviation (STD).
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Figure 1: Overview of the entire pipeline. (A). Personalized modeling approach for predicting levels
of affective states from raw wearable signals. (B). Extracting nonlinear dynamical features from the
predicted trajectories of affective states across days. (C). Output module that fuse the EHR information
for predicting risk of having opioid misuse.
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Figure 2: Visualization of test time quality. The x-axis and y-axis are the ground truth and model
predicted levels of affective states, within range from 0 to 10, respectively. For each level of affective
states (integers from 0 to 10), a box plot of the distribution of the predicted levels are presented. The top
and bottom bar stand for the minima and maxima, and the box in the middle represents upper quartile,
median, and lower quartile. The scatter points beyond the box plot whiskers represent statistical outliers,
defined as values that fall more than 1.5 times the interquartile range above the third quartile or below
the first quartile. The column on the left shows the performance of typical approach which directly
fusing the personalized characteristics (demographics and clinical characteristics), and column on the
right shows the performance from our proposed method.
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Figure 4: 3D visualization of Takens’ embedding from the trajectories of affective states. Opioid users who
follow the prescription are more likely to have less predicatable trajectories of affective states along the
day comparing to those of misusers. The 3 coordinates indicate respectively inferential level of affective
states at time t (i.e., current time), t-1 and t-2 which is also widely known as Takens embedding. The
difference of such chaotic pattern is statistically significant as shown in Appendix B in Table 3.
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[63] Myllymäki, T., Kyröläinen, H., Savolainen, K., Hokka, L., Jakonen, R., Juuti, T., Martinmäki, K.,
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[67] Uusitalo, A., Mets, T., Martinmäki, K., Mauno, S., Kinnunen, U., Rusko, H.: Heart rate variability
related to effort at work. Applied ergonomics 42(6), 830–838 (2011)

[68] Butler, S.F., Budman, S.H., Fernandez, K.C., Houle, B., Benoit, C., Katz, N., Jamison, R.N.:
Development and validation of the current opioid misuse measure. Pain 130(1-2), 144–156 (2007)

[69] Tobin, R.M., Graziano, W.G., Vanman, E.J., Tassinary, L.G.: Personality, emotional experience,
and efforts to control emotions. Journal of personality and social psychology 79(4), 656 (2000)

[70] Hu, Y., Liu, Y., Zhang, S., Zhang, T., Dai, B., Peng, B., Yang, H., Dai, Y.: A cross-space cnn
with customized characteristics for motor imagery eeg classification. IEEE Transactions on Neural
Systems and Rehabilitation Engineering 31, 1554–1565 (2023) https://doi.org/10.1109/TNSRE.
2023.3249831

21

https://doi.org/10.18653/v1/2023.acl-long.153
https://doi.org/10.18653/v1/2023.acl-long.153
https://doi.org/10.1109/TNSRE.2023.3249831
https://doi.org/10.1109/TNSRE.2023.3249831


[71] Bansal, S., Gowda, K., Kumar, N.: Multilingual personalized hashtag recommendation for low
resource indic languages using graph-based deep neural network. Expert Systems with Applications
236, 121188 (2024) https://doi.org/10.1016/j.eswa.2023.121188
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Appendix A Final List of Heart Rate Variablity (HRV) Fea-
tures

Domain Feature Names
Time hr mean, hr std, sdnn, rmssd

Frequency

fft peak VLF, fft peak LF,
fft peak HF, fft abs VLF,

fft abs LF, fft rel VLF, fft rel LF,
fft rel HF, fft log LF, fft log HF,
fft norm VLF, lomb peak VLF,
lomb peak LF„ lomb peak HF,

lomb rel VLF, lomb rel LF„
lomb log VLF, lomb log LF,

lomb log HF, ar rel LF, ar ratio
Non-linear sd ratio, dfa alpha1, dfa alpha2

with default setting of frequency filtering bands:

• VLF: [0.00Hz - 0.04Hz]

• LF: [0.04Hz - 0.15Hz]

• HF: [0.15Hz - 0.40Hz]

Appendix B Exploratory Data Analysis
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Figure 5: Illustrates how affective state levels are distributed in the feature space. Each point in the
heat map indicate the average level of affective states given the pair of HRV features. ’dfa alpha’ are the
nonlinear dynamic features extracted from detrended fluctuation analysis. ’RMSSD’ and ’HR mean’ are
the time domain HRV features. ’fft ratio’ and ’ar ratio’ are the ratio between LF and HF as frequency
domain features extracted from Fourier transform and autoregressive method. From left, to right, the
plots were made with respect to stress, pain and craving respectively.

Before conducting statistical analysis, we first conduct typical user segmentation using K-Means.
The optimal numbers of demographic groups are found using elbow rule as shown in Figure 6. Each sub
figures shows the final distortion values when running K-Means with different number of cluster centers.
We then conduct pair-wise statistical comparison of the distribution of levels of stress, pain, and craving
among different demographic groups. The statistical results are shown below,

The values in the cells in the table below follow the following order from top to down: alternative
hypothesis of relationship from row i to column j, followed by permutation tests’ p-values of distributions
of stress, pain, and craving. The statistics is the raw value of average level of row j subtracted from the
average level of row i.
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Figure 6: Demonstration of using elbow rule to identify optimal number of groups when
clustering based on different demographic information.

Age Groups 38
n=12

48
n=17

61
n=15

74
n=7

38 -

greater
P < .001
P < .001
P < .001

greater
P < .001
P < .001
P < .001

greater
P < .001
P < .001
P < .001

48 - -

greater
P < .001
P = .983
P = 1.0

greater
P < .001
P < .001
P = 1.0

61 - - -

greater
P = .099
P < .001
P = .999

where the age number of each group stands for the center value, the exact ranges are: [27, 43], [44, 53],
[55, 56], [70, 79] respectively. From the table above we observe that the younger the age, the higher the
self-reported stress where we could saw a gradually decreased trend. Older users tends to have lower
level of craving which can be shown in the first row that the ratings from age around 38 are statistically
greater than any other age groups.

Education
Groups

1
n=32

0
n=19

1 -

less
P = .018
P < .001
P = .031
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where 1 represents having completion of college, and 0 otherwise. If we use 0.05 as significant threshold,
then users who complete college got lower ratings in all the moods comparing to users without college
completion.

Pain
Duration

Groups (years)

8
n=16

17
n=22

31
n=13

8 -

greater
P < .001
P = 0.008
P < .001

greater
P < .001
P < .001
P < .001

17 - -

greater
P < .001
P < .001
P = 0.008

where the years of pain duration of each group stands for the center value, the exact ranges are: [2,
12], [13, 23], and [25, 40] respectively. With threshold of 0.05, each pain duration group is statistically
greater than the next group with longer duration.

Opioid
Duration

Groups (years)

2
n=33

10
n=13

22
n=5

2 -

greater
P = 0458
P = 0.188
P = 0.006

greater
P < .001
P < .001
P < .001

10 - -

greater
P < .001
P < .001
P < .001

where the years of opioid usage duration of each group stands for the center value, the exact ranges are:
[0.25, 6], [7, 15], and [18, 30] respectively. For opioid usage duration, only craving level demonstrate a
clear decreasing trend. For stress and pain, we can only conclude that users with shorter opioid usage
duration have statistically higher rating of moods.

Mental Dx
Groups

1
n=16

2
n=27

3
n=8

1 -

less
P < .001
P = .890
P = .938

less
P < .001
P < .001
P < .001

2 - -

less
P < .001
P < .001
P < .001

where group 1 stands for no other mental disorder being diagnosed; group 2 stands for MDD Dx only;
and group 3 stands for MDD Dx and PTSD Dx and/or GAD Dx. We observe that the more the number
of mental disorders being diagnosed, the higher the stress. And no mental disorders have significantly
less self-reported pain and craving levels.
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Prescription User
n=17

Misuser
n=34

Affective State Mean SD Mean SD P
Stress H0 4.24 0.51 4.03 0.58 .003
Stress H1 1.67 0.77 1.51 0.71 .064
Pain H0 4.19 0.60 4.02 0.56 .021
Pain H1 1.69 0.73 1.52 0.67 .040
Craving H0 4.19 0.59 4.05 0.57 .036
Craving H1 1.78 0.69 1.50 0.67 .002

Table 3: Results from permutation test. The statistics being used is the result of subtracting the mean
of misuser group from the mean of normal user group, with alternative hypothesis that the normal users
have more unpredicatable (higher value) of the corresponding nonlinear dynamics features. ’H0’ and
’H1’ stands for persistence entropy on zero and one dimension homology respectively.
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Appendix C Ablation Study

Stress Pain Craving
Methods MAE ↓ PCC ↑ MAE ↓ PCC ↑ MAE ↓ PCC ↑
DCNN 2.213±0.084 0.300±0.082 1.857±0.05 0.221±0.043 2.193±0.099 0.323±0.076
DCNN.d 2.238±0.075 0.312±0.04 1.854±0.033 0.240±0.036 2.212±0.085 0.316±0.047
DCNN.p 1.648±0.052 0.662±0.028 1.517±0.063 0.611±0.043 1.466±0.093 0.779±0.034
ConvTran 2.298±0.079 0.289±0.038 1.860±0.066 0.201±0.056 2.286±0.0921 0.304±0.081
ConvTran.p 1.857±0.081 0.666±0.043 1.892±0.116 0.657±0.024 1.486±0.065 0.783±0.026

Table 4: Personalized approach. Bold numbers representing improved performance. MAE and PCC
stand for Mean-Absolute-Error and Pearson Correlation Coefficient. ‘.d’ indicates the concatenation of
demographic to the model latent space for personalized calibration. ‘.p’ indicates personalization being
added. ↑ indicates that higher values in the corresponding column are better, and ↓ indicates that lower
values are preferable. The mean and standard deviation across the 5 fold cross validations are reported,
with the peak performance highlighted in bold.

Stress Pain Craving
Methods MAE ↓ PCC ↑ MAE ↓ PCC ↑ MAE ↓ PCC ↑
DCNN.p 1.648±0.052 0.662±0.028 1.517±0.063 0.611±0.043 1.466±0.093 0.779±0.034
DCNN.p.bd 1.662±0.044 0.650±0.037 1.340±0.076 0.669±0.039 1.309±0.107 0.777±0.040
DCNN.p.b 1.646±0.048 0.654±0.020 1.359±0.046 0.660±0.023 1.359±0.061 0.763±0.033
DCNN.p.b.da 1.677±0.028 0.628±0.023 1.325±0.062 0.673±0.027 1.357±0.059 0.759±0.024
DCNN.p.b.db 1.658±0.061 0.649±0.035 1.351±0.084 0.660±0.034 1.280±0.084 0.797±0.032

Table 5: Fuse demographic information. Bold numbers represent the best performance.
‘.b’ stands for having a branching module, and ‘.bd’ stands for the fixed branch assignment based on
clustering from demographic data. ‘.da’ and ‘.db’ stand for fuse demographic data after and before the
branching module respectively.

Stress Pain Craving
Methods MAE ↓ PCC ↑ MAE ↓ PCC ↑ MAE ↓ PCC ↑
PMB.bd 1.555±0.046 0.686±0.0213 1.289±0.051 0.693±0.024 1.233±0.070 0.800±0.031
PMB.db 1.479±0.060 0.689±0.027 1.251±0.068 0.716±0.034 1.143±0.137 0.810±0.043
PMB.db.r 1.459±0.052 0.694±0.023 1.258±0.070 0.718±0.033 1.158±0.104 0.805±0.040
PMB.db.rr 1.440±0.064 0.695±0.026 1.213±0.061 0.723±0.030 1.126±0.117 0.810±0.038

Table 6: Results of Actual Multitask Learning and Novel Temperal Fusion. Bold numbers
represent the best performance. PMB stands for Personalized Multitask Learning Model with Branching.
’.r’ indicates the inclusion of temporal fusion with recency as weights, and ’.rr’ signifies the presence of
relevance scores as well.

Metric/aggregation method w/ NNRF Mean Pool Max Pool
Nonlinear Dynamical Classifier, AUC ROC 0.630 ± 0.155 0.546 ± 0.181 0.537 ± 0.212
Nonlinear Dynamical Classifier, AUC PRC 0.790 ± 0.114 0.765 ± 0.110 0.755 ± 0.117

Table 7: Ablation study: Performance with and without NNRF The result shows that represen-
tation fusion with the proposed NNRF significantly outperforms typical aggregation rule.
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Filter ROC AUC PRC AUC ↑
All Data 0.734 0.860
1 most relevant trajectory 0.638 0.815
5 most relevant trajectory 0.692 0.836
8 most relevant trajectory 0.623 0.817
1 least relevant trajectory 0.557 0.767
5 least relevant trajectory 0.587 0.804
most relevant and least relevant 0.637 0.765
5 relevant and least relevant 0.702 0.832
most relevant and 5 least relevant 0.491 0.697

Table 8: Ablation study: Top-k (least) Relevant Trajectories

Feature Type Feature Name PRC AUC ↑

Time Domain mean, std, max/min,
skew, kurtosis 0.757

Frequency Domain centroid, spread,
max freq, mean power 0.745

Time Domain & mean, std, max/min,
skew, kurtosis, 0.709

Frequency Domain centroid, spread,
max freq, mean power

Nonlinear Dynamics Lyapunov Exponent (LE) 0.796
Detrended Fluctuation
Analysis (DFA) 0.795

Persistence Entropy (PE) 0.808
Nonlinear Dynamics & PE, mean, std, max/min, 0.680
Time Domain skew, kurtosis
Nonlinear Dynamics & PE, centroid, spread, 0.752
Frequency Domain max freq, mean power
Nonlinear Dynamics PE+LE 0.809
Nonlinear Dynamics PE+DFA 0.795

Table 9: Ablation study on different combinations of non linear dynamics features.
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Appendix D R-squared following Tables Result Tables

Stress Pain Craving
Methods R2 ↑ R2 ↑ R2 ↑
DCNN 0.048±0.066 -0.027±0.027 0.067±0.052
DCNN.p 0.401±0.037 0.265±0.073 0.481±0.082
ConvTran 0.049±0.026 -0.023±0.055 0.056±0.076
ConvTran.p 0.299±0.101 -0.055±0.091 0.481±0.056

Table 10: R2 scores of adding personalized module.

Stress Pain Craving
Methods R2 ↑ R2 ↑ R2 ↑
DCNN.p 0.401±0.037 0.265±0.073 0.481±0.082
DCNN.p.bd 0.400±0.058 0.434±0.060 0.588±0.066
DCNN.p.b 0.399±0.029 0.421±0.038 0.540±0.051
DCNN.p.b.da 0.370±0.021 0.443±0.039 0.549±0.038
DCNN.p.b.db 0.402±0.045 0.425±0.053 0.598±0.053

Table 11: R2 scores following Table 5.

Stress Pain Craving
Methods R2 ↑ R2 ↑ R2 ↑
PMB 0.430±0.069 0.473±0.053 0.631±0.087
PMB.r 0.436±0.061 0.466±0.058 0.623±0.076
PMB.rr 0.436±0.060 0.507±0.051 0.641±0.075

Table 12: R2 scores following Table 6.
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Appendix E Feature Contributions
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Figure 7: SHAPLEY analysis. The health text component contains unstructured health related infor-
mation including text based description of symptoms and opioid prescriptions; Topological component
contains the representation from nonlinear dynamic analysis; And the rest are items in the structured
tabular data. From this result, we observe that health information and topological representations con-
tribute the most to the inference.

Deep learning
time series
feature

Nonlinear Dynamical
Feature

Quantitative
Health Info

Text based
Health Info AUC ROC AUC PRC Rel Diff

✗ ✗ ✓ ✗ 0.674 ± 0.193 0.824 ± 0.110 -
✓ ✗ ✓ ✗ 0.573 ± 0.092 0.782 ± 0.064 -9.55%
✗ ✓ ✓ ✗ 0.717 ± 0.134 0.871 ± 0.071 +6.01%
✗ ✓ ✗ ✗ 0.630 ± 0.155 0.790 ± 0.114 -5.21%
✗ ✗ ✓ ✓ 0.807 ± 0.122 0.913 ± 0.062 +14.82%
✗ ✓ ✓ ✓ 0.863 ± 0.108 0.940 ± 0.053 +4.83%

Table 13: Feature contribution to inference, showing the influence on performance from adding or
removing each component.
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Appendix F External Validation
F.1 External Dataset 1
Regarding justifying the modeling methodology on a broader scope, we’ve transferred the model and
re-run the experiments on another dataset. The new dataset is from 111 opioid users with chronic pain
who were engaged in cognitive tasks for a duration of approximately 10 minutes. During the task, an
ECG signal was collected. Brief sample characteristics of this dataset are presented in Table 14.

Factors (N=111) Domain Statistics
Age, Mean (SD), years 56.0 (12.5)
Gender, n (%) Male 50 (45)

Female 61 (55)
Opioid Misuse Status, n (%) Positive for Opioid Misuse 58 (52)

Negative for Opioid Misuse 53 (48)
Data interval, Mean (SD),minutes 10.8 (11.0)

Table 14: Demographic factors and statistics of sample population (N = 111).

Due to relatively short duration of the physiological signal data available in this dataset, we leverage
ultra-brief HRV which is calculated from inter-beat-interval data extracted from ECG within a window
size of 30 seconds instead of 5 minutes as we used for our main dataset in the paper. Our experiments
conducted on this dataset focus on the influence of different components (including raw HRV, nonlinear
dynamical affective states features, and the clinical and demographic information) to the performance
of opioid misuse prediction. All the rest of the configurations of model structure and training settings
remain the same.

We conduct similar ablation studies on this secondary dataset, and the similar behavior and trends
of performance are observed from Table 15.

HRV Features
Nonlinear
Dynamical
Feature

Clinical and
Demographic
Information

AUC ROC AUC PRC Rel Diff

✗ ✓ ✗ 0.513±0.11 0.582±0.076 -
✓ ✗ ✗ 0.626±0.089 0.693±0.102 -
✓ ✓ ✗ 0.679±0.05 0.729±0.039 +8.47%
✗ ✗ ✓ 0.490±0.016 0.518±0.016 -
✗ ✓ ✓ 0.538±0.095 0.592±0.072 +9.80%
✓ ✗ ✓ 0.626±0.089 0.693±0.102 -
✓ ✓ ✓ 0.679±0.05 0.729±0.039 +8.47%

Table 15: Feature contribution to inference, showing the influence on performance from adding or
removing each component.

From the table we observe that adding nonlinear dynamical features always brings statistically sig-
nificant improvement in the performance. We also conducted a permutation statistical test on the
persistence entropy as we did in the original dataset. Informed by the findings from the main study
dataset, we hypothesized that people with opioid misuse will show less entropy (more predictable change
in inferential affective states from the HRV signal) than people who take opioids as prescribed. We
observed that the persistence entropy at 1 dimension homology computed from the inferential trajectory
of pain levels rejects the null hypothesis with statistical significance (P < .05).

Finally, we conduct SHAP analysis on this secondary dataset, and the results are shown in Figure
8. The features in this Figure are sorted by their importance from top to bottom. We observe that the
model relies heavily on the persistence entropy of the inferential trajectories of levels of craving and pain
at zero dimension homology. The clinical and demographic text information components did not help
with the performance in this dataset, so we exclude them from the figures for cleanliness.

F.2 External Dataset 2
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HRV Features
Nonlinear
Dynamical
Feature

AUC ROC AUC PRC Rel Diff

✗ ✓ 0.617 ± 0.256 0.829 ± 0.138 -
✓ ✗ 0.700 ± 0.292 0.818 ± 0.185 -
✓ ✓ 0.750 ± 0.316 0.851 ± 0.199 +7.14%

Table 16: Feature contribution to inference, showing the effect of including (✓) or excluding (✗)
specific components on model performance.
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Figure 8: SHAPLEY analysis on External Dataset 1.
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Appendix G Supplementary Content and Visualization of Model’s
Components

During the training of the learning-to-branch module, all the parameters in the model are optimized
through backpropagation along with gradient descent method. Regarding the branching module specifi-
cally, with the above formula 2 as reference describing the branching mechanism, we have the gradient
being defined as:

∂B

∂dj
= exp((log θj + ϵ)/τ)∑

k exp((log θk,j + ϵk)/τ) (6)

where ∂B
∂dj

will be further utilize for optimizing the parameter of each branch layer Fbranch which is im-
plemented by typical multi-layer perceptron. We also have the gradient for the θ, which is the probability
distribution over the branches, defined as:

∂θi,j

∂dj
= Bi · exp((log θi,j + ϵ)/τ)

θi,jτ
∑

k exp((log θk,j + ϵk)/τ) − Bi · exp((log θi,j + ϵ)/τ)
θi,jτ(

∑
k exp((log θk,j + ϵk)/τ))2 (7)
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Figure 9: Evolution of branching parameters during the training. X-axis is the number of epochs.
Each row of y-axis represent the changing of probabilities of each branch. The higher the probability,
the brighter the cell color. The values of the probability is calculated according to formula 2 without
sampling the noise term ϵ.
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Figure 10: Novel Temporal Fusion Mechanism. The recency of representations from each time step and
their relevance to the objective task are taking into consideration during fusion.
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Attributes Stress Pain Craving
Methods P B D MAE ↓ PCC ↑ MAE ↓ PCC ↑ MAE ↓ PCC ↑
ConvTran ✗ ✗ ✗ 2.30±0.08 0.29±0.04 1.86±0.07 0.20±0.06 2.29±0.09 0.30±0.08
DCNN ✗ ✗ ✗ 2.21±0.08 0.30±0.08 1.86±0.05 0.22±0.04 2.19±0.10 0.32±0.08
DCNN w/ D ✓ ✗ ✓ 2.24±0.08 0.31±0.04 1.85±0.03 0.24±0.04 2.21±0.09 0.32±0.05
PDCNN w/o D (Ours) ✓ ✓ ✗ 1.65±0.05 0.65±0.02 1.36±0.05 0.66±0.02 1.36±0.06 0.76±0.03
PDCNN (Ours) ✓ ✓ ✓ 1.66±0.06 0.65±0.04 1.35±0.08 0.66±0.03 1.28±0.08 0.80±0.03
PMB w/o B (Ours) ✓ ✗ ✗ 1.65±0.05 0.66±0.03 1.52±0.06 0.61±0.04 1.47±0.09 0.78±0.03
PMB (Ours) ✓ ✓ ✓ 1.44±0.06 0.70±0.03 1.21±0.06 0.72±0.03 1.13±0.12 0.81±0.04

Table 17: Personalized approach. For each metric the best value achieved is indicated as bold. MAE
and PCC stand for Mean-Absolute-Error and Pearson Correlation Coefficient. ‘P’ stands for belonging
to the category of personalized approaches. ‘B’ indicates the inclusion of having Learning to Branch for
dynamic user segmentation. ‘D’ stands for fuse information from demographic data. PDCNN stands for
Personalized DCNN, and PMB stands for Personalized Multitask Learning Model with Branching.
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