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4Université de Paris, NeuroDiderot, Inserm, FHU I2-D2, F-75019 Paris, France
5CNRS UPR 3212, Institute for Cellular and Integrative Neurosciences, F-67000, Strasbourg, France
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Supplementary data

Machine learning algorithm
Overview
Our dataset is composed, for each patient p, of 6 months of daily physiological features xp

d together with 7 MADRS scores
corresponding to 7 follow-up visits at days d0,d1, . . .d7. In order to be able to use this dataset with our algorithms, it was
necessary to extend the MADRS labels to achieve correspondence between the physiological features and MADRS score
corresponding to this specific day. To this end, clinical labels were extended over a window of ±5 days around each follow-up
visit, assuming that the MADRS is sufficiently stable such that each day from di −5 to di +5 can be associated with a MADRS
score interpolated from MADRS between days di−1,di and di, di+1.This whole procedure is summarized in Figure 2.

The procedure can be justified by considering the test-retest reliability of the MADRS over the course of several days as
described in the literature [1] and was confirmed by experiments conducted on our dataset. The 5-day window also corresponds
to the optimal trade-off in terms of data quantity versus data/label relationship stability. Thus, except when explicitly stated
otherwise, each pair (x,y) of physiological features and MADRS score corresponds to the daily physiological measures and
associated MADRS score at a day that is at most 5 days apart from a follow-up visit. Since physiological data is available daily
for the patients (and not only ±5 days around the follow-up visit), the full physiological time series can be used for visual
inspection of the model’s prediction. However, these other physiological measurements will not be used to train or evaluate the
model since it is not possible to associate a ground truth MADRS score corresponding to these days.

The ML model has been constructed for the following clinical situation: given a cohort P of train patients, and the data
corresponding to daily physiological features and first 4 follow-up visits (baseline, M1 to M3) of the test patient p, predict
the clinical scales of the test patient over the remaining labelled daily data (from the follow-up visit at day d4 up to day d7 if
available). Consequently, the train/validation datasets are given as

Xtrain,Ytrain = {(X p
d<d4

,Y p
d<d4

)}∪{(X p′ ,Y p′) ∀p′ ∈ P},

where every data points (x,y) consists of the physiological measures at a given day d and its associated MADRS score y (for d
at distance less than 5 days from a follow-up visit). The training/validation dataset contains data coming from P+1 patients in
total: the full data of P patients plus the datapoints between d0 and d4 of the test patient. The test set of our pipeline is:

Xtest ,Ytest = (X p
d≥d4

,Y p
d≥d4

).
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Our ML algorithm has 2 optimization loops. For each patient, a Signature Based Model of Depression (SiBaMoD) is defined
(described in the subsection Signature Based Model of Depression). The SiBaMoD depends on two key hyperparameters, λ and
ν which are also described later. Given these hyperparameters, SiBaMoD(λ , ν) takes as input a day of physiological features x
and outputs a MADRS score estimation y. For any patient of the dataset, this intra-patient model is trained on {(Xd<d4 ,Yd<d4)},
and is evaluated on {(Xd≥d4 ,Yd≥d4)}.

To avoid data leakage from the test patient p, the choice of hyperparameters λ , ν is performed by an optimization loop
on the train cohort P. Explicitly, a single SiBaMoD(λ , ν) is trained for each patient p′ in P, and hyperparameter values are
selected that maximize the binary classification accuracy averaged on all train patients p′. Once the hyperparameters are
selected, a single SiBaMoD is trained on {(X p

d<d4
,Y p

d<d4
)}, i.e. the training data of the test patient, and the performance metrics

are computed on the test set Xtest ,Ytest = (X p
d≥d4

,Y p
d≥d4

). These optimization loops are summarized in Figure 3.

Standard statistical analyses, such as analysis of variance, cannot be conducted in ML-based analyses, which are not based
on a distribution of a single factor in different populations. Classification is typically measured either by confusion matrices,
through a comparison of the classification accuracy on the test set, or in the case of regression by using an error metric such as
the mean absolute error (MAE). Since each patient has only a few datapoints in their test set, classification metrics are averaged
using a leave one patient out test scheme.

In this work, to validate each model, we rely on the following metrics. Firstly, the 2-class and 4-class accuracies of the data.
The 2 classes are obtained by merging the classes ‘recovered’ (MADRS 0-6) with ‘mild depression’ (MADRS 7-19), and by
merging the classes ‘moderate depression’ (MADRS 20-34) with ‘severe depression’ (MADRS 35-60), as described in previous
works [2]. True positive and true negative rates are reported for the binary classification task. Secondly, the mean absolute error
(MAE) in MADRS, together with confidence interval with α = 0.05, are computed considering each patient as a separate sample
of our true distribution. Finally, a visual inspection of the predicted curves and MADRS label given by the clinician is performed.

It should be noted that the easiest metric, namely the mean absolute (or mean squared) error in MADRS score prediction is
not ideal in terms of reliability and usability, since the noise in the labels themselves is important with respect to the signal we
are detecting (concordance between different physicians ranging from r = 0.89 to r = 0.97 [3]). However, the 2-class and 4-class
classifications are more agreed upon between physicians, since they are broader categories.

Signature Based Model of Depression (SiBaMoD )
The main technical part of our algorithm, the SiBaMoD, depends on 2 hyperparameters, a real number λ > 0 and a positive
integer ν described below. When there is a risk of ambiguity, this will be denoted by SiBaMoD(λ ,ν) to make the hyperpa-
rameters explicit. These hyperparameters are fixed throughout this section, and the reader can refer to the next section for the
selection method of these hyperparameters. The SiBaMoD is patient specific: for each patient p, there is a different model
SiBaMoDp(λ ,ν). For each day d in patient p’s data, this ML model predicts an estimate of the MADRS score of patient p at
day d from the physiological measurements of this same patient p at day d.

SiBaMoDp(λ ,ν) is divided into 3 main components: a feature selection block, an optimistic model, and a multi-layer
perceptron (MLP). To perform a prediction, ŷp

d from xp
d, SiBaMoD first have to learn the specific relationship between

physiological measures and the clinical scale of patient p’s depressive symptoms. To this end, patient p’s datapoints are divided
into a training/validation set: {(X p

d<d4
,Y p

d<d4
)}, further decomposed into a training set (first 80%) and validation set (last 20%),

and a test set {(X p
d≥d4

,Y p
d≥d4

)}. The training set is used to parameterize the model, validation is used to control overfitting, and
the test set is only used to compute the metrics and evaluate the model’s performance.

We now turn to describing the 3 components of SiBaMoD and their interaction. Again, we emphasize that, except when
specifically stated otherwise, this subsection follows the convention described above: all datapoints considered here correspond
to days that are at most 5 days apart from a clinical evaluation. The reader can refer to Figure 3a in parallel to this description.

The feature selection block is performed by a statistical computation on the train/validation sets. This component of the
algorithm selects the ν most correlated features with the MADRS on the train and validation sets. To be as general as possible
and to detect non-linear correlations, this component selects physiological features that minimize their independence with
MADRS based on the Hilbert-Schmidt Independence Criterion (HSIC) [4], which is more adapted to non-monotonic and
non-linear signals than, for instance, the Spearman correlation. This set of ν features is called the depression biosignature of
patient p, as it is dependent on the patient, and can be used to efficiently predict the disease’s progression with respect to the
clinical scale used. Thus, for each day d of recorded physiological data, we can extract a subvector of dimension ν , say x̄p

d by
selecting only the features appearing in the biosignature of patient p.
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The optimistic model is a baseline prediction of MADRS evolution based on the most recent clinical follow-up visit. It does
not have any trainable parameters, but depends solely on the fixed hyperparameter λ . On day d, the optimistic model predicts a
MADRS score of

ydi ∗ exp(−λ̃ ∗ (d −di)),

where di is the previous clinical evaluation of patient p by their physician. In other words, the optimistic model predicts a
daily amelioration rate of λ , where λ̃ =− ln(1−λ ). From now on, the parameter λ will be expressed as a daily amelioration
percentage. The difference between the actual MADRS score and the MADRS score expected by this optimistic model is called
the residual MADRS score. The choice of a decreasing exponential model for the optimistic model is supported by known
models of affective disorders in the literature [5].

The last component of SiBaMoDp(λ ,ν) is an MLP which takes as input the set of ν features in the biosignature of patient
p selected by the feature selection component, and outputs an estimate of the residual MADRS score from the physiological
features of patient p that appear in their biosignature, that is x̄p

d. Specifically, the MLP consists of an input of dimension ν

followed by 3 hidden layers of respectively 8ν , 4ν and 2ν neurons, and an output of dimension 1 which is the scalar prediction
for ȳp. After early experiments, the parameters chosen for MLP training were batch size of 16, training for 500 epochs, and
early stopping callback of 5 epochs monitoring improvements in validation loss.

This model is trained on the train dataset, and validated on the validation dataset defined previously. To smooth out random
fluctuations due to kernel initialization, and to avoid having inaccurate predictions because of potential local minima in the
parameter space of the model, this process is repeated 11 times and the final output prediction is set to be the median of the
predictions.

Global fit of hyperparameters
The procedure described here aims at training an ML model that extract a biosignature of depressive symptoms, and an
estimation of the MADRS score for each incoming patient. Considering the small size of our dataset and the high risk of
overfitting, extra-attention was made to avoid information leakage: the last 3 months of the test patient only appears when testing
the model and was not used in any way prior to that. The procedure is depicted in Figure 3. This entire procedure is repeated
for each patient as test patient. For a fixed test patient p, as described in the Overview, the selection of the hyperparameters
λ

p
optimal and ν

p
optimal to use for SiBaMoDp(λ p

optimal ,ν
p
optimal) is determined on the set of train patients p′. Explicitly, we train a

SiBaMoDp′(λ ,ν) for all patients p′ ̸= p of our cohort for each 0.2 ≤ λ ≤ 2.7 and each 2 ≤ ν ≤ 101, and report the average
binary classification accuracy over patients in the train cohort, of each pair (λ ,ν). We then define

λ
p
optimal ,ν

p
optimal = argmaxλ ,ν meanp′ ̸=p(binary accuracy(SiBaMoDp(λ ,ν))).
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Figures

Figure 1. The wristband used for data collection throughout the clinical trial.

Figure 2. Label detrending procedure. This diagram shows how data and labels are handled and partitioned for the machine
learning algorithm. The actual MADRS score is obtained only during clinical follow-up visits, although it can be safely
extended to 5 days on either side of a clinical follow-up visit. The physiological data are available every day. The residual
between the output of the optimistic model and the known MADRS score is used as a label for the machine learning model.
The data and labels are then partitioned between train and test to fit and test the multi-layer perceptron.

Figure 3. Overview of the full algorithm’s pipeline presented in this work.
a) The SiBaMoD pipeline with parameters (λ , ν) for a single given patient. The physiological features are used to train a
multi-layer perceptron model, along with the training labels, which were detrended using the optimistic model with recovery
rate λ . The prediction output of the model is then combined with the observed MADRS score to determine the predicted
MADRS score. The ν features used by the model that are best correlated with the MADRS score form the patient specific
signature. b) In our cohort, the SiBaMoD pipeline is repeated for all patients as a test patient in a leave one patient out (LOPO)
procedure, estimating the hyperparameters (λ , ν) for all patients except the test patient to determine the optimal values for
these parameters.
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