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Abstract: Depression is one of the most common mental health disorders, affecting approximately
280 million people worldwide. This condition is defined as emotional dysregulation resulting in
persistent feelings of sadness, loss of interest and inability to experience pleasure. Early detection
can facilitate timely intervention in the form of psychological therapy and/or medication. With
the widespread public adoption of wearable devices such as smartwatches and fitness trackers, it
is becoming increasingly possible to gain insights relating the mental states of individuals in an
unobtrusive manner within free-living conditions. This work presents a machine learning (ML)
approach that utilizes retrospectively collected data-derived consumer-grade wearables for passive
detection of depression severity. The experiments conducted in this work reveal that multimodal
analysis of physiological signals in terms of their discrete wavelet transform (DWT) features exhibit
considerably better performance than unimodal scenarios. Additionally, we conduct experiments to
view the impact of severity on emotional valence-arousal detection. We believe that our work has
implications towards guiding development in the domain of multimodal wearable-based screening
of mental health disorders and necessitates appropriate treatment interventions.

Keywords: affective; depression screening; digital phenotype; emotion; machine learning; passive
sensing; wavelet transforms; wearable devices

1. Introduction

Depression is one of the prevailing mental health disorders, affecting approximately
280 million people worldwide [1,2]. In the wake of the crippling effects of the pandemic,
the global burden of depression continued to worsen, by at least 27.6% on average. This de-
bilitating disorder differs from general mood fluctuations and fleeting emotional reactions
along the aspects of intensity, recurrence, and anhedonia [1,2]. Depression often manifests
owing to a complex interaction between socioeconomic, psychological and biological fac-
tors, and is exacerbated by comorbid physical conditions in an adverse feedback loop. Early
screening is critical for timely intervention and the delivery of effective treatment methods
such as cognitive behavioral therapy and/or antidepressant medications. However, the
social stigma associated with mental health, the scarcity of trained health-care providers,
relatively high rates of misdiagnoses and exorbitant service costs discourage individuals
from seeking assistance [3].

To improve diagnoses fidelity, it is vital to develop universal screening approaches
which reveal useful information without being intrusive or biased, as is the case with the
currently adopted surveys [4]. With the proliferation of machine learning (ML) methods
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in the healthcare domain, where the automatic identification of relevant patterns and
relationships among data without specification of a priori hypotheses holds considerable
prognostic utility, there is the potential for detecting the presence of elusive disorders
such as depression. In parallel, the ubiquity of smartphones and wearable devices such
as smartwatches and fitness trackers offer the much sought-after capabilities of long-term
unobtrusive monitoring in free-living conditions. Recent studies have employed ML while
leveraging passive, non-intrusive modalities such as smartphone call/text logs [4], social
media posts [5], gyroscope readings [6] GPS [7] and heart rate [8] for detecting states of
depression and mental health distress.

These worthwhile approaches show the potential for depression screening using
passive smartphone data while maintaining a fair degree of user privacy. Out of the different
parameters measured, those acquired through wearable devices enable continuous and
objective monitoring of patients [9]. Moreover, physiological signals, or a combination of
them in tandem with ML, can predict symptoms of depression and anxiety [10,11]. This fact,
coupled with the increasing ownership of wearables, estimated at 1 billion in 2022, suggest
that personalized screening be introduced without revealing any user-specific information
as opposed to partial alternatives such as location data or personal message history.

Noticeably, in the most recent literature, the sample population typically consists of
depressed and completely healthy participants, and physiological signals are compounded
with smartphone-derived biomarkers such as device usage, step count, sleep measures
and location. In this work, we aim to quantify the effects of using only unimodal and
multimodal signals from wearable sensors in terms of heart rate (HR), galvanic skin
response (GSR) and accelerometry (ACC) among a predominantly depressed population.

Another facet of emotional state assessment which can benefit from wearable monitor-
ing is affective experience quantification. As purported by [12], the interplay between the
severity of depression and affective emotional activation in terms of valence and arousal
can have implications for individual behavior and response to daily stimuli [13]. This
manifests a strong influence on processes such as attention, perception, decision-making,
learning and mental well-being [14]. Valence captures the extent to which an emotion is
positive/negative, while arousal captures the intensity of the experienced emotion. Thus,
we also explore this domain as an additional aspect of our central work.

The primary contributions of this work are the following:

• Validating the potential of implementing ML algorithms with retrospectively collected
wearable-derived physiological data for classifying between moderately and severely
depressed individuals.

• Assessing the quality of low frequency, general signal features extracted using discrete
wavelet transforms (DWT) for developing ML algorithms.

• Examining the relative efficacies of heart rate, galvanic skin response and accelerome-
try readings in distinguishing between depression severity and emotional states.

• Investigating the role of depression severity in emotional valence and arousal detection.

This paper is organized such that Section 2 introduces the dataset and outlines the
methodology and Section 3 presents the results and its discussion, with Section 4 concluding
the work.

2. Methodology
2.1. Dataset

The DAPPER dataset [15] is an aggregation of ambulatory physiological and psycho-
logical data reported over a period of five days by 142 participants. It is segregated into
sections as displayed in Table 1.
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Table 1. DAPPER Contents.

Physiological Data Psychological Data

Heart Rate (HR) ESM (Experience Sampling Method)

Galvanic Skin Response (GSR) DRM (Daily Reconstruction Method)

ACC Data -

The volunteers were asked to engage in a pre-test (a data collection procedure pre-
ceding the start of the experiment) where they submitted their BDI-II measures amongst
other details. During the main experiment, the psychological details were reported by the
participants through answering questionnaires on their smartphones. They received six
ESM questionnaires per day over 9 a.m.–11 p.m. with a minimum 3-h gap between each
questionnaire. The DRM questionnaires were sent at 11 p.m. each day. Nonetheless, our
research aimed to utilize the physiological recordings and focus on heart rate, which was
collected using photoplethysmography, galvanic skin response, collected using surface
electrodes from the wrist, and triaxial accelerometer data to assess depression severity. All
the physiological data was recorded using Psychorus, a customized wristband, during
Monday–Friday, 9 a.m.–11 p.m. Out of 142 total patients, 87 patients had valid physiological
readings. The data was originally recorded with the following sampling rates (HR:20 Hz,
GSR:40 Hz, ACC:20 Hz) but later downsampled to 1 Hz by the original authors to reduce
complexity for future use by the research community. DAPPER followed the Helsinki
standard and all the participants submitted their written permission.

At first, the raw data comprised 2249 signals. However, any signals of duration of less
than 30 min were rejected, since the goal was to follow the 30-min ESM event periods. The
concluding number of signals were 2034, each over a span of 1800 s for 87 patients. The
distinguishing factor of DAPPER is the environment in which the data was collected in.
Instead of the more popular laboratory-based controlled experiments, this dataset aimed to
provide data gathered during natural day-to-day activities. Furthermore, this approach
replicates accurate everyday situations, thus providing a resource with reliable data that
can be used in further applications.

The distribution of the BDI-II scores had a mean with standard deviation of 29.73± 7.0,
with a minimum of 21 and a maximum of 60. Discretizing the data for binary classification,
the following four cut-offs are applied to generate four depression severity ranges: minimal
severity (≤13), mild severity (≥14 and ≤19), moderate severity (≥20 and ≤28) and severe
severity (≥29). Out of the 2034 available data instances, 960 belong to the moderate class
and 1074 belong to the severe class. This suggests that all 87 patients in the original study
suffered from clinical depression to some degree.

With a pure focus on studying depressed populations, we opt to consider the cases
exhibiting minimal depression severity as our experimental control group. In accordance
with [16], employing a control group of such close proximity to other experimental cases
(in terms of depressive mental state) alleviates the control group’s inherent selection bias,
and potentially enhances the study’s validity.

For binary segregation of arousal and valences, the Likert scale-reported scores of
1 and 2 are treated as low, whereas 3, 4 and 5 are considered as high. For valence, this
resulted in 1003 and 1031 for low and high categories, respectively. For arousal, this resulted
in 1361 and 673 for low and high categories, respectively. It is observable from Figure 1
that the emotional states stratified across the depressed population congregate towards the
higher intensity values.
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Figure 1. Valence and Arousal frequency grouped by depression severity.

2.2. Feature Extraction

Our complete approach is outlined in Figure 2, consisting of data processing, feature
extraction and ML implementation. Discrete wavelet transform (DWT) can be implemented
on-devices directly for real-time signal monitoring with relatively lower battery consump-
tion. We derive generic statistical features for all three modalities after DWT analysis
with the goals of minimizing computational overhead and preserving the same processing
pipeline and introducing a notion of translation invariance to noise or other motion artifacts.
Furthermore, a secondary goal is to view the differences in emotional state activation in
terms of valence and arousal across the two depressed populations, and the learnable
differences with machine learning.

Figure 2. End-to-end model pipeline.

DWT can be considered as the projection of a sum vectored and zero mean signal S into
a set of basis functions called wavelets φi,k(n) and ψi,k(n), which localize the time–frequency
domain characteristics of the signal. These wavelets Ψa,b(t) are generated from a single-



Information 2022, 13, 406 5 of 11

base wavelet Ψ called the mother wavelet, through a series of dilations and translations of
a scaling function as defined in.

φi,k(n) = 2−
i
2 φ

(
2−in − k

)
ψi,k(n) = 2−

i
2 ψ

(
2−in − k

) (1)

In Equation (1), n is the length of the signal S, k is the discrete translations and 2i are
the dyadic dilations.

More specifically, each series is a decomposed time series of coefficients describing
the evolution the temporal component within a corresponding frequency band. This is
performed using a pair of finite impulse response filters, taken as low-pass and high-pass
respectively. With this, the DWT on a signal results in the approximation Ai(k) and detailed
coefficients Di(k) formulated by:

Ai(k) = ∑
n

S(n)φi,k(n)

Di(k) = ∑
n

S(n)ψi,k(n)
(2)

In Equation (2), the approximation coefficients Ai(k) are the low-pass elements, and
the detailed coefficients Di(k) are high-pass elements for a signal S, at a decomposition
level i. In the case of multi-level decomposition, numerous stages of decomposition occurs,
beginning within the original signal. The former is analyzed further in the same manner to
a certain decomposition level, while the latter is not. The decomposition level is determined
by the mother wavelet, sampling frequency, and signal length and is generally treated as
the optimal decomposition level.

After experimenting with candidate discrete mother wavelets across the families of
coiflets, biorthogonal, daubechies, reverse biorthogonal, symlet and haar, the following
are selected based on their high performances and accordance with prior physiological
signal analysis in literature. For HR, we use the symlet-9 (sym9) which has the properties
of near symmetry, orthogonality and biorthogonality. For GSR, we use the daubechies-
4 (db4) which has the properties of asymmetry, orthogonality and biorthogonality. For
ACC, we use the reverse biorthogonal-3.9 (rbio3.9) which has the properties of symmetry,
no orthogonality and biorthogonality. Empirically, we find that the optimal levels of
decomposition are 1, 3 and 2 for PPG, GSR and ACC signals, respectively.

The final features pertaining to the coefficients of the signals are Shannon Entropy, Zero
Crossing Rate, Mean Crossing Rate, Mean, Standard Deviation, Median, Variance, Root
Mean Square, 5th Percentile, 25th Percentile, 75th Percentile, and 95th Percentile values.

2.3. Data Augmentation

While the disparity between the majority and minority classes (0 and 1, no and yes,
respectively) were not as extreme, augmentation was applied to observe any quantifiable
improvement in overall model performance. Five techniques for augmentation were used,
and their breakdown by type is as follows: oversampling: Synthetic Minority Oversam-
pling Technique (SMOTE) and Adaptive Synthetic Sampling (ADASYN), oversampling
+ undersampling: SMOTE + Tomek links (SMOTEK), SMOTE + Edited Nearest Neigh-
bours (SMOTEEN), and undersampling: Random Under sampling and Edited Nearest
Neighbours (ENN).

• SMOTE is an oversampling technique that increases the number of minority samples
in the dataset, by generating new samples from existing minority class samples. The
approach generates new samples that are not duplicates, but convex combinations of
two or more randomly chosen neighboring data samples in the feature space.

• ADASYN is an adaptive data generation method which creates synthetic samples to
reduce class imbalances in a dataset. The approach uses weighted distribution for
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different minority class samples as per relative difficulty in learning, and generates
more samples similar to the harder-to-learn samples. This therefore reduces overall
bias present in the dataset, and should improve learning performance of models
trained on this data as well.

• SMOTEK and SMOTENN are hybrid techniques that consist of both undersampling
and oversampling. Initially, SMOTE performs the over-sampling, then the resulting
clusters that overlap on nearby points causing overfitting are removed using Tomek
Links, or Nearest Neighbors, respectively, in the methods. The idea here is to clean
distributions and lead to a distinct class separation.

• Random under sampling involves randomly discarding samples from the majority
class until a balanced class distribution is attained.

• Condensed nearest neighbor undersampling involves the selection of prototypes from
the training data, in order to essentially reduce the dataset size for instance-based
classification. During this process, the the prototypical instances of the majority class
are retained, while likely redundant instances are eliminated from the dataset.

2.4. Machine Learning

We utilized a wide range of standard ML algorithms such as Logistic Regression (LR),
Support Vector Classifier (SVC), K-Nearest Neighbors (KNN), Light Gradient Boosting
Machines (LGB), and Random Forest (RF) and eXtreme Gradient Boosting (XGB), and Cat-
Boost (CB) to cover both traditional and ensemble techniques. These supervised algorithms
span a variety of strategies in learning complexity, and their implementations generally
elicit good bias-variance trade-off when data is not particularly voluminous (few hundred
to a few thousand unique samples) as shown in [17–19]. Stratified sampling was used to
divided 80% training set and 20% testing set through a five-fold cross-validation approach.
Random search yielded the final hyperparameters for all algorithms.

3. Results

This section presents the results for (i) depression severity classification, and (ii)
valence-arousal detection for each depression category. The performance measures are
quantified with the metrics of accuracy, sensitivity, specificity, F1-score and, where pertinent,
the Area Under the ROC (receiver operating characteristic) Curve (AUC).

3.1. Detecting Depression Severity

To evaluate the efficacy of the proposed multi-modal inference model, we test a variety
of candidate machine learning models and tabulate their performance in Table 2. Despite
most of the models scoring similarly (in terms of accuracy, sensitivity, specificity, F1-score,
and AUC), we decided on using CatBoost (CB) Classifier in our trails for performing
most reliably with an accuracy, sensitivity, and F1-score values of 64 ± 2.0, 68.7 ± 3.0,
and 66.8 ± 2.0, respectively. It was observed that data augmentation did not yield any
statistically significant increase in performance with this scenario.

Table 2. Quantitative model performance metrics for the multimodal cases.

Model Accuracy Sensitivity Specificity F1-Score AUC

LGBM 64.0 ± 3.0 68.2 ± 2.0 59.4 ± 5.0 66.7 ± 2.0 63.8 ± 3.0

RF 64.0 ± 2.0 67.3 ± 2.0 60.2 ± 5.0 66.4 ± 2.0 63.8 ± 2.0

XGB 60.7 ± 2.0 64.8 ± 2.0 56.1 ± 5.0 63.5 ± 1.0 60.5 ± 2.0

CB 64.0 ± 2.0 68.7 ± 3.0 58.8 ± 4.0 66.8 ± 2.0 63.7 ± 2.0

KNN 58.2 ± 2.0 61.0 ± 3.0 55.0 ± 4.0 60.6 ± 2.0 58.0 ± 2.0

SVC 60.2 ± 2.0 63.0 ± 2.0 57.1 ± 5.0 62.6 ± 1.0 60.1 ± 2.0

LR 55.8 ± 2.0 60.2 ± 1.0 50.8 ± 4.0 59.1 ± 1.0 55.5 ± 2.0
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In Table 3 we evaluate the performance of uni-modal inference and contrast it against
bi- and tri- modal inference to evaluate the added value of multiple-modality and quantify
its effectiveness in improving inference quality. Derived from the marginal inference quality
increase (in comparison to the tri-modal model) based on the highlighted performance
criteria, a holistic score of each permutation’s performance is given in the last column of
Table 3.

Table 3. Quantitative model performance metrics for exhaustive unimodal and multimodal cases
with CB.

Model Accuracy Sensitivity Specificity F1-Score AUC Delta δavg

PPG 54.0 ± 2.0 62.5 ± 3.0 44.5 ± 2.0 58.9 ± 2.0 53.5 ± 2.0 +9.7

GSR 56.2 ± 1.0 70.7 ± 3.0 40.1 ± 1.0 63.0 ± 2.0 55.4 ± 1.0 +6.8

ACC 59.0 ± 2.0 65.1 ± 6.0 52.3 ± 6.0 62.6 ± 3.0 58.7 ± 2.0 +4.9

PPG + GSR 57.5 ± 2.0 67.9 ± 2.0 45.8 ± 5.0 62.8 ± 1.0 56.9 ± 2.0 +6.2

PPG + ACC 62.1 ± 1.0 65.8 ± 4.0 57.9 ± 4.0 64.7 ± 2.0 61.9 ± 1.0 +1.9

GSR + ACC 62.5 ± 1.0 68.9 ± 2.0 55.4 ± 1.0 66.0 ± 1.0 62.2 ± 1.0 +1.4

PPG + GSR + ACC 64.0 ± 2.0 68.7 ± 3.0 58.8 ± 4.0 66.8 ± 2.0 63.7 ± 2.0 -

For the DAPPER dataset, all possible single-modal models—using either PPG, GSR,
or ACC, result in similarly performing models with an average accuracy of 56.4% and
average F1-score of 61.5%. When observing combinations of any two modalities, however,
we observe an average accuracy and F1-score values of both 60.7% and 64.5%, respectively.
Finally, when all three modalities are combined, the resulting model has an accuracy of
64.0% and an F1-score of 66.8%.

Merely looking at the average performance for the learned models of varying number
of modalities, we observe a performance increasing trend with each added modality. The
move from uni- to bi-modal inference increases accuracy by 7.62%, and F1-score by 4.88%.
Analogously, going from bi-modal to tri-modal inference improves the accuracy and F1-
score by 5.44% and 3.57%, respectively. This upward trend validates the variability of the
proposed multi-modal paradigm for depression severity inference.

3.2. Detecting Emotional Arousal and Valence

Much of performance measures across the metrics range from ∼55 to ∼60, which
belies that only an average level of separability can be obtained between high and low
states. In contrast to the depression severity classification case, Tables 4 and 5 exhibit
results where one modality fares better than multi-modality. To detect high- and low-
valence/arousal states in a moderately depressed population, GSR and ACC proved
feasible, with contribution from SMOTE augmentation. The specificity being higher than
sensitivity indicates a better recall of the low-valence/arousal states. To detect high- and
low-valence/arousal states in the severely depressed population, HR and GSR proved
feasible, with contribution from SMOTE and SMOTEEN. The sensitivity for valence is
better, while the specificity for arousal is marginally better, indicating that high-valence and
low-arousal states are more discernible in the severely depressed population. However,
there appears to be no common modality for each kind of emotional state activation, and
the results appear to be characteristic of this dataset population with varying degrees of
applicability to a general population.

Table 4. Quantitative performance metrics for the moderately depressed population.

State Modality Approach Accuracy Sensitivity Specificity F1-Score

Valence GSR SVC + SMOTE 62.9 62.8 66.7 76.6

Arousal ACC LR + SMOTE 63.9 48.8 75.9 54.5
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Table 5. Quantitative performance metrics for the severely depressed population.

State Modality Approach Accuracy Sensitivity Specificity F1-Score

Valence HR KNN + SMOTE 61.2 64.0 53.3 71.0

Arousal GSR SVC + SMOTEEN 56.9 56.3 57.8 61.5

4. Discussion

The goal was to separate behaviors of people suffering from depression based on
emotional stimuli and possibly identifying affective emotional triggers in response to expe-
rienced events. As mentioned previously, there is a prevalence of depression among all
surveyed individuals in this dataset who also experience higher-intensity emotional states.
This warrants an investigation of the impact of depression in dampening/exacerbating
emotional responses to various stimuli or events. As reported by [20], states of depression in-
duce marked dysfunctional regulations of affective experience and affective quality percep-
tion. Generally, the neutral arousal/valence state is the most commonly experienced [21],
because of the impaired emotional modulation to affective stimuli [22].

The achieved performance measures are in line with a recent study conducted with
a similar demographic (race, age and education levels) asserting the potentially useful
yet limited predictability of depression severity with wearable devices [23]. It appeared
that greater severity of depressive symptoms showed associations with larger variation of
night-time heart rate between the hours of 4 a.m. and 6 a.m. Additionally, this led to the
findings (adjusted for covariates) that severity was also correlated robustly with weekday
circadian activity rhythms. Thereby, our work focusing on individuals during conscious
ESM activities serves as a complementary study to the general continuous diurnal and
nocturnal biomarkers evaluated in [23].

According to [24], low-arousal states being associated with low-valence fine-grained
states such as sadness, lethargy or fatigue is correlated with stronger levels of depression.
This is because high arousal occurs when the cortical circuits in the brain are engaged and
allocates attention in response to a particular stimuli [25]. However, our results do not
agree with these findings, leading to our hypothesis that either the self-reported BDI-II
scores were not reflective of the true underlying mental state, or that the self-reported
valence and arousal is overly positive by choice of omission. A potential psychological
link unifying our results in light of the previous studies is the theory of ambivalence over
emotional expression. This is a condition wherein individuals have the propensity to avoid
expression of emotions [26], owing to the effects of depression. In [27], it is rationalized
that inciting high-arousal states in people with heightened depression thorough memory
recalling tests increases help-seeking intentions. It could very well be that the stimuli or
events experienced by the participants of the DAPPER dataset creation were involved in
positive or familiar environments during the course of study.

Although the heterogeneous nature of different consumer-grade wearables occasion-
ally leads to likely noise saturation, inaccurate values and uncalibrated errors [28], it is
rationalized that the characteristic patterns associated with certain mental/physical dis-
eases can indeed be reflected [29]. Additionally, it is not known if the individuals were on
prescribed anti-depressants, engaged in psychological counselling or under any treatment
which may introduce confounding variables that cannot be adjusted for.

While Deep Learning has demonstrated exemplary results in several fields and recent
studies, there are still few limitations and challenges in the biomedical domain pertaining to
class imbalance and data complexity, which discouraged its use in our work. As put forward
in [30], Deep Learning models tend to capture spurious relations in the training data within
clinical studies involving biomedical signals. This occurs, in context of this work, due to the
implicit nature of some emotional states such as valence/arousal and depression, which do
not manifest across all subjects with the same intensity or magnitude [31]. Thus, it appears
that higher volumes of data readings from wearables are necessary to combat the relative
sparsity of the wearable measurements, i.e, the ratio of the duration of normal physiological
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behavior to the duration of context-specific instantaneous responses to certain stimuli, and
achieve higher performance scores.

Ref. [32] also indicates that with skewed data, the models prioritize the majority
group due to higher prior probability. Unlike with summarized measures such as wavelet
decomposed features, augmenting continuous raw signals and the rectification of class
imbalance requires more complex techniques to account for the profound understanding of
the morphology and patterns [33]. We believe the lightweight approaches (DWT + standard
ML) are relatively more conducive towards power-efficient deployment on wearable or
edge devices, as shown in [34].

We envision this research as an initial baseline for performance benchmarking on the
DAPPER dataset, as well as an assessment of the relationship between depression and
ephemeral emotional states.

5. Conclusions

In this paper we presented multi-modal depression detection machine learning models
while juxtaposing its performance to that of single and double modality models. More
specifically, we leverage low-frequency HR, GSR and ACC signals belonging to 87 patients
from the Daily Ambulatory Psychological and Physiological recording for Emotional
Research (DAPPER) dataset to train multiple ML algorithms to classify between moderate
and severe states, as defined by the categorized Beck’s Depression Inventory (BDI-II)
score. After listing the top performing depression detection models on our dataset’s
mobile/wearable device-based biomedical signals, we make a case for the introduction of
additional modality, with respect to the DAPPER dataset.

In comparison to attempts present in the literature, using a variety of datasets for
the detection and prediction of depression trends of individuals using mobile and power-
constrained devices, there is a case to be made for the use of multiple-modality devices.
One contemporary work [35], describes a smartphone activity monitoring model for the
collection of medically relevant metrics and tracking of user activities for the detection of
PHQ-9 levels, achieving detection performance metrics of 59.1–60% accuracy, 62.3–72%
sensitivity and 47.3–60.8% specificity. In contrast, the metrics of our proposed approach are
64 ± 2.0% accuracy, 68.7 ± 3.0% sensitivity and 58.8 ± 4.0% specificity, which consistently
surpass the results in [35]. Therefore, we ultimately conclude that additional modality
incorporation could potentially improve the detection accuracy of depression by accounting
for different aspects of latent or conscious physiological responses to psychological events.
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Abbreviations
The following abbreviations are used in this manuscript:

ACC Accelerometry
BDI-II Beck’s Depression Inventory
CB CatBoost
DAPPER Daily Ambulatory Psychological and Physiological recording for Emotional Research
DWT Discrete Wavelet Transforms
GSR Galvanic Skin Response
HR Heart Rate
KNN K-Nearest Neighbors
LGB Light Gradient Boosting
ML Machine Learning
RF Random Forest
SVC Support Vector Classifier
XGB eXtreme Gradient Boosting
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