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MOTIVATION & OBJECTIVES INTRODUCTION RESULTS 1

In light of the opioid epidemic’s devastating im- Long-term use of opioids, intended for pain man- iy Figure 1: Pharmacokinetics-informed approach for
pact on public health, there is an urgent need agement, can result in an individual develop- S Modi monitoring opioid administrations combined with SSL
for innovative solutions to address opioid mis- ing dependence on the drug, ultimately lead- P

use and addiction. By leveraging wearable sen- ing to Opioid Use Disorder (OUD) and poten- Um:;ew: We develop a model that can take a timeseries
sor technology to remotely monitor opioid ad- | | tially life-threatening risks. Utilizing multimodal T window as input and generate two types of out-
ministration and detect potential risks of opioid data from wristwatch sensors, we remotely mon- orat Oy Detcion — put: (i) binary opioid administration/use detec-
use disorder, our research aims to mitigate the ad- itor opioid administrations, enabling healthcare = 5 tion inference (i.e., if the opioid was administered
verse effects of this epidemic and improve patient | | professionals to intervene before individuals de- in the input time-window); and (ii) predict the ex-
outcomes. In this work, we: velop OUD. By employing models pretrained us- act moment of Opioid administration/use in the
ing self-supervised learning (SSL) methods, we time-window.

initially detect opioid administration. Further-
more, combining pharmacokinetic information We train the model in two steps. In the first Model Without SSI. With SSL
2. Combine the pharmacokinetic information | | of opioids with wearable data during this train- | | step, we use Self-supervised learning to teach the

» Time of Modification

---- Opioid administration

Labeled Data

1. Detect oral opioid administrations using
physiological data from wristwatch.

of OPif)idS Wi’fh wearable data, model- ing enables the model to detect moments of opi- model how to detect sudden changes in differ- IResNe.t T 8;? gié
agnostically, to improve performance. oid administration with significantly improved | | ent modalities in the wearable sensor data with a S;Zp:i}g; Hne 0‘49 0‘53

performance. “pretext” task. We finetune this model to the opi-
oid administration task.

Table 2: Opioid Moment prediction with R? perfor-
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Table 1: Binary Detection F1-score performance
Pharmaco}(me’ac.s (PK) studl.es drug processing in P001.‘er performance in Qp1o1d moment prediction Model Without SSI. _ With SSI.
the body, including absorption, metabolism, dis- motivated us to approximate Equation 1 and use
tribution, and elimination, with a focus on track- | | drug plasma concentration level as an auxiliary ResNet 0.67 0.76
ing drug concentration changes in blood plasma | | task during the prediction. Inception-Time  0.70 0.75
over time. Opioids in our study adhere to first- CTA-TCN 0.73 0.79

1.0

order equations for drug plasma concentration, as = without PK

Glefc]inn(izrjl ;Di%b'e administration o - = CONCLUSION

v
D; < Dy x (e *e _ e~ ftat) (1) 6 | | WithoutPK__— with PK * Machine learning models trained on exten-

22 . o I PP .
° ° “ ® [ ® 8  @CR’
Td rug amount administered O “%!*O!gg%. sive wearable data sjuc.cessfully dete.:C’F both
. . : .. 86,0008 %8y o ° the occurrence and timing of oral opioid ad-
As the time of administration and type of opioid - o ) .. .
021 ) ministrations

* Integration of self-supervised learning mod-

R?=0.79 . .
estly improves model performance, while

are known from EHR, we approximate the above 2
equation and use it as an auxiliary loss along with l

opioid detection loss while training the model T Rester nception-Time CTATeN . . . L
. the inclusion of opioid pharmacokinetic
Moment prediction loss

1 Figure 3: Using PK information improved the perfor- data significantly enhances the accuracy of
mance of opioid moment prediction across all the mod- Actual administration time (minutes) predicting opioid use timing.
els
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Predicted administration
time (minutes)

Loss = A1 Lwcg + A2 Lxkappa + A3 LrusE

T()pioid detection loss (2) Figure 2: Scatter-plot highlighting the difference in pre-

dictions using PK-informed model
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