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Depression

Ø Depression affects more than 280 million people of all ages [1]

2[1] "Depression". www.who.int. Archived from the original on 26 December 2020. Retrieved 7 April 2021.

“An estimated 3.8% of the population 
experience depression, including 5% of 
adults (4% among men and 6% among 
women), and 5.7% of adults older than 60 
years. Approximately 280 million people 
in the world have depression.”

Depression treatment

How to evaluate treatment?

https://www.who.int/news-room/fact-sheets/detail/depression
https://web.archive.org/web/20201226072232/https:/www.who.int/news-room/fact-sheets/detail/depression


Randomized Control Trial

Ø A randomized controlled trial (RCT) is considered the gold standard for 
evaluating treatment efficacy, including in the case of mental health 
interventions
q  Intervention vs control group
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Randomized Control Trial

Ø A randomized controlled trial (RCT) is considered the gold standard for 
evaluating treatment efficacy, including in the case of mental health 
interventions
q  Intervention vs control group

Ø Typically, RCT depends on statistical analysis to evaluate disparities 
between intervention and control groups
q Group level instead of individual level
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Goal: Personalized Depression Outcome Prediction

Ø Towards precision medicine: tailor treatment for individuals

q Predict the depression outcome if the patient takes the treatment (intervention 
group)

q Predict the depression outcome if the patient does not take the treatment 
(control group)
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Tailored depression treatmentPersonalized prediction



Randomized Control Trial for Depression Treatment

Ø Our RCT of behavior therapy for depression
q 6-month trial with 106 patients with depression

Ø Data collected:
q Clinical features

 e.g., age, anxiety score, PTSD etc.

q Wearable data for 6 months
 e.g., heart rate, sleep etc.

q Outcome at the 6th month (depression 
remission or not)
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Random split
(71 : 35)

A total of 106 
patients

Intervention

Control

Positive 
outcome

Negative 
outcome

No treatment

6-month trial period

Behavior therapy 

Group randomization

Continuous Wearable Data CollectionBaseline Clinical data



Standard Machine Learning Methods for RCT
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Treatment-
specific 

modelling

Risk
 modelling

Predict outcome w/ 
the treatment

Predict outcome w/o 
the treatment

Ø Standard machine learning (ML) models: two group-specific models

Intervention group

Control group

Limitation: two separate models may suffer from sample size issues 
and may not fully utilize the underlying characteristics of the patients.
  



Our Approach: Multi-Task Learning (MTL) for RCT

Ø Our proposed method: MTL with a unified model for two groups
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Treatment-
specific 

modelling

Risk
 modelling

Predict outcome w/ 
the treatment

Predict outcome w/o 
the treatment

MTL 
modelling

Predict outcome w/ 
the treatment

Predict outcome w/o 
the treatment

Ø Standard ML: build group-specific models



Background: MTL
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1 input à 3 tasks (labels)
Utilize all the information from 3 tasks



MTL Architecture
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Final loss function = Weighted sum of task-specific loss functions

Capture 
commonalities

Capture 
Differences



MTL Architectures for RCT
Ø Two-layer Architecture

Ø Clinical data at baseline
q Statistically the same between 2 groups at baseline

• E.g., age, gender, anxiety scores, etc.

Ø Wearable Data during first 2 month
q Fitbit data is collected after therapy starts for the intervention group 

• E.g., heart rate, daily steps, sleep
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Capture the difference 
(data after treatment)

• Depressed or Not
@ Intervention group

Clinical data @ baseline

Wearable Data(Intervention)

Wearable Data (Control)

• Depressed or Not
@ Control group

Learn commonality 
(data before treatment)

Common layer

Group-specific layer



Challenges

Ø Non-unified data
q One label for one patient

Ø Task weight optimization
q Balance weights between tasks

Ø Limited dataset size
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Challenges and Proposed Methods

Ø Non-unified data
q One label for one patient

Ø Task weight optimization
q Balance weights between tasks

Ø Limited dataset size
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Ø Label mask for each data sample

Ø Utilize task uncertainty for weights 
during training

Ø Besides MTL, use regularization and 
feature engineering approach



MTL with Uncertainty

14[1]A. Kendall, Y. Gal, R. Cipolla, Multi-Task Learning Using Uncertainty to Weigh Losses for Scene Geometry and Semantics, Cvpr. 
(2018) 7482–7491.

Higher uncertainty à Lower weight
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Dynamic Task Weights for MTL

Ø Weights control the contributions of each group to the overall model 
q Hyperparameters: fixed during training

q Fixed weights could lead to negative transfers [1]

15[1]A. Kendall, Y. Gal, R. Cipolla, Multi-Task Learning Using Uncertainty to Weigh Losses for Scene Geometry and Semantics, Cvpr. (2018) 
7482–7491.
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“Pseudo weights” regularization terms

Ø Instead, use uncertainty to automatically optimize the weights [1]

q 𝝈𝒕 is trainable and dynamic changing to balance the contributions



Trainable Uncertainty Factor

Ø A trainable uncertainty factor 𝜎𝑡 (for each task) is added to the sigmoid 
function to mimic the temperature in the Boltzmann distribution
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Our RCT for Depression Treatment

Ø 106 patients with depression 

Ø Remove the patients whose total 
yield of wearable data is less than 
10%
q 59 patients in intervention group

q 30 patients in control group

Ø 58 clinical features
Ø 10 daily wearable features

q Sedentary minutes, lightly active 
minutes, minutes of heart rate 
zone in cardio, minutes awake in 
main sleep…
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Data Preprocessing

Ø For wearable features, singular spectrum 
analysis is used to extract the trend (10 
features)

Ø Maximum, minimum, median, slope, and 
intercept are computed from the extracted 
trend (10*5)

Ø Feature selection for all features
q ANOVA for continuous features
q Chi2 for categorical features

(10 clinical features + 10 wearable features)
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Selected Features
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20 runs of 5-fold 
cross validation



Regularization to Avoid Overfitting

Ø Block-sparse regularization for shared layer

Ø L2 regularization for task-specific layer
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Key idea: less parameters to avoid overfitting



Evaluation Setting

Ø Single task learning (STL): train separate models for each group
q Logistic regression (LR), Support Vector Machine (SVM), Gradient Boosting(GBDT), 

Random Forest (RF), AdaBoost (Ada), Shallow deep neural network

Ø MTL with different settings
q MTL-1: MTL trained on a single group separately  -> reduced to group-specific
q MTL-fixed: MTL trained on the combined group with fixed weights
• Using grid-search to find the best weights for each group

§ We found the fixed weights cannot achieve the best for both

q MTL-dynamic (ours) : MTL trained on the combined group with dynamic 
weights
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Evaluations
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• Difference between two 
tasks matters

• MTL trained on the 
combined groups 
improves performance

•  MTL with dynamic 
weights à the best 
performance for both 
groups



Evaluations(2): fixed weights vs dynamic weights
Ø MTL-fixed: grid search for best weights 

• Assume: 𝒘𝑰𝑵𝑻 +𝒘𝑪𝑶𝑵 = 1

Ø MTL-dynamic: dynamically changing the weights 
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Contribution of Wearable Data
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Feature Importance with SHAP

Ø SHAP (SHapley Additive exPlanations) is used to compute feature importance
q Game theory 

q Evaluate the contribution of each feature
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Conclusions

Ø Proposed multi-task learning framework for randomized control trail 
q The dynamic weights in MTL balance task contributions

Ø Presented a case study of a real RCT for depression treatment
q Combining wearable data and clinic data

q Our proposed MTL method shows the best performance
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Limitation

Ø Assuming the treatment does not change after group split and the model 
needs to be trained retrospectively on groups of patients

Ø Limited sample size

Ø No evaluation about the impact of different lengths of wearable data
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