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A B S T R A C T

Depression and bipolar disorder are mood disorders affecting millions of people worldwide that
can have severe impacts on one’s quality of life. Our ability to detect these illnesses is directly
tied to our ability to intervene; however, there has not yet been a systematic review of the techno-
logical aspects of the most studied mood disorder detection mechanisms. This survey summarizes
detection methods from clinical sensing solutions, such as electroencephalograms and functional
near infrared spectroscopy, to ubiquitous sensing solutions, such as scraping social media data and
utilizing GPS data. We provide break downs of the algorithms and feature processing techniques
of the state of the art methods across these various category and discuss the current challenges
affecting mood disorder detection technology, setting the stage for further research.

1. Introduction

In recent years, the need for mental healthcare has become more widely known. With the onset of the COVID-19 pandemic, self-reports of
mental health issues have substantially risen to double the expected rate pre-pandemic [39]; however, access to care remains scarce among certain
populations. More than 112 million citizens of the United States live in areas that lack adequate access to mental health care [60], and 75% of
people in low and middle income countries receive no treatment for depression [65]. Our ability to intervene in the global mental health crisis is
directly tied to our ability to detect incidents of mental distress. If we are able to ascertain mental states more readily via a wide array of sensors,
then we have firm foundation from which to study solutions to problems arising from mental illness.

There is therefore a need to characterize our current mental health detection abilities. Depression and bipolar disorder are two common mood
disorders that have generated a variety of detection approaches, spanning from passive monitoring of people’s phone use [51, 58, 70, 75, 86] to
mood classification based off of electroencephalogram readings [12, 26, 49, 56, 78, 110]. In order to fully characterize each of these approaches,
we break down each approach into the sensor used, how the signal was preprocessed, and what algorithm was used to produce the final mood
assessment. Prior reviews of our current capabilities for detection of these disorders have yet to characterize the full process of the broad array
of available methods in this manner. Next, we discuss some of the challenges still facing depression and bipolar disorder detection from the
perspective of both the technology used in mood disorder assessment and unsolved problems from the research question itself. In summary, we
produce the following contributions:

• We provide a comprehensive review of signal processing techniques and the algorithms of depression and bipolar disorder detection.

• We dissect the performance of each approach for depression and bipolar disorder detection.

• We present remaining challenges of current approaches, including imbalanced datasets and privacy violations.
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We begin with a short background section to characterize each disorder and the associated detection goals, as well as the current methods for
discerning the ground truth. We follow by describing the scope covered by prior surveys into mental health detection and defining the novelty of
our approach. We then describe the sensors used for depression and bipolar disorder detection, the signal processing techniques used on the data
acquired from these various sensors, and the algorithms used to determine if a subject is in mental distress. We conclude with an overview of
remaining challenges in the technology of detection and in the problem of mood disorders itself.

2. Background and Related Work

2.1. Background

Depression is a common mental disorder that affects around 5% of adults and is characterized by sad or irritable moods accompanied with
loss of interest or pleasure in activities for most of the day, nearly every day, for at least two weeks [96]. Two thirds of individuals with depression
experience severe impairment, and depressed people are eleven times more likely to attempt suicide at some point in their lives [60]. The goal
of depression detection is to detect these qualities. As one’s mental state is not a directly detectable metric, current studies into technological
detection utilize questionnaires to establish ground truth. The three most popular questionnaires are the Patient Health Questionnaire (PHQ-9)
[53], the Hamilton Depression Rating Scale (HAMD) [77], and the Beck Depression Inventory (BDI) [44]. The PHQ-9 has been validated for use
as a mobile app [36], while the HAMD and BDI have strong histories of use in the psychological sciences.

Bipolar disorder (formerly known as manic-depressive disorder) is characterized by dramatic shifts in mood and energy that impact one’s
ability to perform everyday tasks [65]. These shifts in mood occur between depressive moods and impulsive, high energy moods. The latter
category of moods is known as mania. About 4.4% of U.S. adults experience bipolar disorder at some point in their lives [65]. Around 82.9% of
people with bipolar disorder have serious impairments per the Sheehan Disability Scale [65]. The goal of bipolar disorder detection ranges from
discerning if one has bipolar disorder to detecting the current mood state of a person with the disorder. Primarily, a combination of the Young
Mania Rating Scale (YMRS) [57] and the Hamilton Depression Rating Scale are used to ascertain levels of mania and depression respectively.

2.2. Related Work

Prior work in mood disorder detection rarely combined a technologically analytical perspective with mood disorders as a topic. Some previous
surveys technologically analyzed non-mood disorders, while others, tackled mood disorders from a more medical than technological perspective.
For example, Ferrari et al [30] surveyed papers corresponding to technologies relating to obsessive compulsive disorder, which is an anxiety
disorder rather than a mood disorder. Meanwhile, Larsen et al [54] reviewed technologies for suicide prevention and intervention. Our scope is
distinct, as depression is only one cause of the wider phenomenon of suicidality, and we focused on detection.

On the more medical perspective end of the spectrum, Burton et al [11] looked at 19 papers using accelerometers as sensors with the goal of
determining if there is evidence of differing motor activity levels between bipolar and non-bipolar patients, which is a medical question outside
the scope of this paper. Van Ameringen et al [91] and Planas and Uguero [69] more so approach the scope of this paper by having looked at the
technology of mobile mental health (mHealth) phone apps; however, they do not produce the level of technical details we provide, as our focus is
broader than just mobile apps, and they also have a focus on the difficulties of intervention, which we do not focus on in favor of buttressing the
existing literature on detection.

A few papers come close to our scope but differ in key areas. Gravenhorst et al [40] provides a technological perspective on mental health
disorder detection in general, but their focus is divided between human computer interaction, implementation via possible business plans, and
technological possibilities. Their technological possibilities section is closest to our ambitions but limits its scope to mobile devices and does not
provide as detailed a summary of signal processing and algorithms as this survey. Dogan et al [21] analyzes the results of 29 papers about mood
disorders that use a similar set of sensors as this paper, but Dogan et al does not focus on signal processing and the algorithms utilized for each
approach. We expand on both Gravenhorst et al and Dogan et al by detailing the signal processing and algorithms employed by 79 papers. Fraccaro
et al [31] looked at characteristics of 18 papers that used geolocation as biomarkers for bipolar disorder and schizophrenia. Our survey extends
beyond geolocation sensors, such as GPS and WiFi, and also looks at the algorithms behind each method, unlike Fraccaro et al.

Jan et al [47] provides the closest match to this survey by breaking down 10 categories of machine learning techniques used to detect and
diagnose bipolar disorder found in 33 papers. The key distinction between our papers is that we provide a wider range of sensors and compare
effectiveness by approach. The sensing modalities used in Jan et al confine themselves primarily to traditional clinical methods for detection, while
we look at methods that can track bipolar disorder outside of clinical settings, such as GPS sensing or speech monitoring. Similarly, Yasin et al
[103] looked at EEG sensors for depression and bipolar disorder diagnosis. They provide a more extensive breakdown concerning EEG sensors,
with details including signal processing and algorithms used, but we again provide a larger scope that encompasses the whole spectrum of mood
disorder detection techniques.

3. Sensors

Both depression and bipolar disorder shared a common array of sensors, often with common use purposes. Depression and bipolar disorder
detection challenges share a need for measurement of depressive moods, but bipolar disorder detection applications extend their scope to also
include manic behaviors. The sensors used for mood disorder detection that this paper covers can be divided into two rough categories: clinical
sensors and ubiquitous sensors. The use of each sensor is summarized in Table 1, with electrodes, fNIRS, and fMRI comprising the clinical sensors
category and all other sensors belonging to the ubiquitous sensor category.
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Table 1. Summary of Sensors used in Depression and Bipolar Disorder Detection
Disorder Sensor Type Description

Depression

Electrodes EEG [12, 26, 49, 56, 78, 110], Wearable ECG [73], ECG Diagnosis [106]
fNIRS Classification during tasks [80, 93, 108, 109]
fMRI Classification by neural imaging [62, 74]

Software
Social Media Screening [8, 10, 17, 18, 71, 84, 87, 88, 99],
Passive phone usage monitoring [51, 58, 70, 75, 86]

Accelerometer
Passive activity/phone usage monitor [16, 27, 31, 63, 64, 92, 104],
Wearable detector [36]

Microphone

Aid clinicians in assessment via audio and video [20, 32, 46, 98],
Aid clinicians via audio alone [23, 85],
Naturalistic speech assessment [66, 43],
GPS assisted [22, 75, 92]

Camera
Aid clinicians in assessment via audio and video [20, 32, 46, 98],
Aid clinicians only by video alone [15, 68, 79, 83, 107], EEG and video [110]

GPS Large scale movement [13, 22, 27, 35, 63, 75, 92, 95, 101, 104]
WiFi Location by Access Points [94, 95, 104, 105]

Bipolar Disorder

Electrodes EEG [26, 25], ECG [90, 89]
fMRI Classification by neural imaging [7, 59, 82]

Software
Passive activity monitoring by general phone use [4, 29, 41],
Mood state prediction via typing data [37, 42]

Accelerometer
GPS assisted [4, 42], Motor activity detection of bipolar [33, 34, 45],
Movement while typing [42]

Microphone
Mood state prediction via audio [4, 14, 24, 28, 38, 41, 48, 72],
Personalized mood detection [48], Interview with posture detection [102]

Camera Interview with posture detection [102], Eye Tracking [6]
GPS Large scale movement [4, 19, 67]

3.1. Clinical Sensors

For our purposes, clinical sensors are sensing modalities that are found most commonly in clinical settings, that are intended for clinical use,
and that require physician interpretation. These sensors include two methods for measuring electrical activity, electrocardiogram (ECG) electrodes
[73, 106] and electroencephalogram (EEG) electrodes [12, 26, 49, 56, 78, 110], and two methods for measuring brain blood flow, functional Near
Infrared Spectroscopy (fNIRS) and functional Magnetic Resonance Imaging (fMRI). Each method presents a relatively objective, physiological
measurement of mental state; however, these methods require expensive instrumentation that must be directed to specific parts of the body. For
these reasons, papers studying technological advancements to these methods focus primarily on lowering the need for human interpretation of
results.

The electrode methods provide electrical measurements of patient heart (ECG) and brain (EEG) activity. EEG use focused on differentiating
depressed patients from healthy controls [12, 49, 56, 78, 110], with Zhu et al [110] supplementing EEG with eye tracking to aid differentiation.
For bipolar disorder, EEG use focused on discrimination between unipolar and bipolar disorders. [26, 25]. ECGs were a less common, but more
diversely used sensing modality. For depression, ECG was used for diagnosis [106] and for wearable stress level detection for inpatients [73]. Uses
of ECGs for bipolar disorder focused on dynamically capturing mood states for inpatients [90, 89].

Functional magnetic resonance imaging (fMRI) is a variant of magnetic resonance imaging wherein strong magnetic fields are used to
produce images of functional anatomy of the brain via measuring small changes in blood flow that occur while the brain handles critical functions
[9]. For depression, fMRI was used to both discriminate between depressed and control patients and to create a map of which brain connections
lead to depression [62, 74]. All of the collected studies into bipolar disorder using fMRI also utilized whole brain connections, but compared
against both schizophrenia and healthy controls [7, 59, 82]. As schizophrenia detection is outside of the scope of this paper, we will not discuss the
schizophrenia detection ability of these papers.

Functional near infrared spectroscopy (fNIRS) is a detection technique that utilizes light in part of the infrared spectrum to dynamically
detect changes in oxygen metabolism [97]. fNIRS is performed by placing a near infrared light emitter close to a detector and placing both directly
on a patient’s scalp to measure changes in oxygenated and deoxygenated hemoglobin concentrations via the modified Beer-Lambert law [97].
fNIRS was exclusively used for depression classification during tasks in the collected papers [80, 93, 108, 109]. The utilized tasks were a grasp
and release task [109], a memory task [80], and two verbal fluency tasks [93, 108].

3.2. Ubiquitous Sensors

In this context, ubiquitous sensors are sensors that see prominent use outside of hospitals, allowing for mood disorder detection in any location.
These sensors include devices most people are familiar with in a hands on fashion, such as cameras, microphones, GPS, WiFi, and social media
engagement, as well as sensors that work in the background of devices, such as accelerometers and phone metadata. More so than clinical sensors,
ubiquitous sensors are commonly used in tandem, such as cameras and microphones being paired sensors for interviews [20, 32, 46, 98, 102].

Our category of software sensors in Table 1 includes any method of extracting data from user interaction with software. When a user
interacts with a piece of software, they generate both conscious and unconscious data. That is, a user posting to social media knowingly adds
data to a platform but doing so requires a series of interactions with a phone or computer that the user may not consciously consider as data.
Current literature targets both kinds of inputs. Several authors take social media posts from Twitter [8, 17, 22, 87, 88], Reddit [10, 84], Instagram
[18, 22, 71], and Facebook [99] to assess whether the associated text or image content are indicative of depression. Software sensors are also
commonly used as a method to passively gain insight into the behavior of a user by typing content [22, 87], typing metrics [29, 37, 58, 86],
total number of communications [4, 22, 41, 42, 70, 75], communication timings or lengths [4, 29, 41, 86], and screen on/off or screen lock data
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Table 2. Summary of Signal Processing Techniques
Purpose Methods

Noise
Reduction

Normalization
and Weighting

Z-Normalization [14, 25, 38, 63, 98], MNI normalization [7, 59, 62, 74],
Cepstral Mean and Variance Normalization [75],
Min-max normalization [17, 62, 99, 110], logarithm normalization [66],
Rank normalization [46], Sigmoid weighting [41]

Filtering

Low Pass filter [36, 56, 98, 110], High pass filter [56, 62, 110],
Band pass filter [26, 59, 78, 80, 90, 93, 108, 109], Notch filter [56],
Median filter [67], Max Filter [67], Gaussian Filter [6, 7]
Finite Impulse Response Filtering [73], Kalman filter [98]
Absolute difference threshold [23]

Segmentation
Noise Robust Segmentation [38, 51], VAD segmentation [23, 48]
Time based segmentation [105]

Other
Regularized Blind Amplitude Reconstruction [38] ,
ICA [7, 56, 78, 108], Quantile thresholds [86]
spline interpolation [110] Grayscale conversion [6, 83]

Pre-Feature
Manipulation

Imbalanced
data

Synthetic data [18, 19, 34, 42, 63, 67, 45, 104, 101, 99],
Random Oversampling [29, 45, 62], Dropping data [18, 42, 27]

Signal
Transform

FFT [26, 25, 22, 24, 32, 51, 62, 66, 72, 73, 75, 80, 85, 89],
Discrete Fourier Transform [79] IMF [38, 51],
Lomb–Scargle periodogram [75], Autoencoding [35]
Hough Transform [6], LBP [46, 68, 83], HOG [68],
Integro differential operator [6]

Feature
Extraction

Compression
PCA [7, 36, 38, 46, 51, 68, 86, 87, 90, 108],
DBSCAN [16, 27, 63, 92, 95, 99, 104], K-means clustering [16, 67]

Statistical

Statistical values as features (mean, median, quantiles, etc.)
[4, 6, 12, 13, 16, 18, 19, 22, 26, 27, 29, 28, 36, 35, 41, 42, 45, 46, 58, 63, 64],
[70, 71, 75, 80, 82, 85, 86, 88, 90, 89, 92, 93, 94, 95, 101, 104, 105, 108, 109]
Correlation matrices [43, 74, 98], Covariance matrix [23],
Correlation based Feature Selection [102]

Model based SVM [102], Nested Randomized Logistic Regression [16], GLM [62], CNN [68]
Natural

Language
Processing

LIWC [10, 84, 87], Textblob [22, 87], Bag of words [8] SS3 text classifier [10],
Word2Vec [18, 99], Keywords [18, 105], Latent Dirchlett Allocation [88]
SentiWordNet [17], SenticNet [17], NLT [17]

Other

Hanning window [25, 51, 56, 110], Praat [23, 28], ResNet [23],
Sliding Overlapping window [23, 72, 102], mKTa [78],
OpenSmile toolbox [14, 22, 41, 48], Dlib [15, 107], SVD [7],
Sequential Floating Forward Selection (SFFS) [102], ACO [25]
Active contour snake model [6], OpenVPN [105], NTUSD [99],
Viola-Jones model [83], Pan-Tompkins R peak extraction [90]
Particle Swarm Optimization (PSO) [26], MeCab [88], TCCE [99],
EEGToolBox [78], BET [62, 82], Wilcoxon rank-sum test [62]
MoodRecord [28], OpenFace2.0 [68, 79], CFS [79], TBSS [82]

[4, 42, 52, 75, 92]. In our sample of papers, passive behavior monitoring is applied to both depression [22, 52, 58, 70, 75, 86, 92] and bipolar
disorder [4, 29, 41, 37, 42] detection.

In our sample, accelerometers were used primarily in two manners: as a way to passively track everyday activity [4, 16, 42, 63, 64, 27, 92,
101, 104] and as wearable detectors [33, 34, 36, 45]. Passive tracking was done via a phone’s accelerometer in the background of one’s day, often
with the aid of GPS [4, 27, 63, 92, 101, 104] or software sensing [4, 42, 64, 92, 101]. Wearable detectors were mostly used to keep track of hospital
inpatients using an accelerometer alone [33, 34, 45]. This dichotomy makes sense, given that most people likely would not be inclined to wear
sensors streaming information to a third party in their everyday lives, while users may allow background monitoring.

Microphones are used in both interview [20, 23, 32, 46, 66, 85, 98, 102] and non-interview settings [4, 14, 22, 24, 28, 38, 41, 43, 51, 75, 92].
Interviews with clinicians provide an opportunity for a second set of digital ears to analyze a patient. Commonly this occurs alongside a camera as
a sensor [20, 32, 46, 98, 102], but there are pure audio approaches [23, 66, 85]. Non-interview approaches for depression can be divided between
attempts to detect depressed vocal patterns and components of a multi-sensor passive monitor of behavior with specific use as a measure of social
engagement [4, 22, 75, 92]. For bipolar disorder, non-interview approaches [4, 14, 24, 38, 41, 48, 72] focused on naturalistic detection of mood
states and shifts in mood.

Cameras were primarily used for depression detection in our sample with only Akinci et al [6] and Yang et al [102] using cameras for bipolar
disorder detection. Cameras were commonly used alongside microphones, particularly during interviews. In interview contexts, cameras were
used for mood detection via face [20, 32, 46, 98] and posture [20, 102] movements. There was also a pairing with electroencephalogram (EEG)
electrodes [110]. For EEG, the camera was used for eye tracking to correlate with the EEG results. Eye tracking was also used without other
sensors for bipolar disorder diagnosis in Akinci et al [6]. Other studies using only cameras followed the pattern of using interviews, but only
utilized facial information in our sample [15, 68, 79, 83, 107].

Finally, GPS was used as a measure of the large scale motion of people for both depression and bipolar disorder. For depression large scale
motion can potentially inform us if people are spending a lot time in areas related to depression [75] or have lower mobility and potentially lower
social interaction [13, 22, 27, 35, 63, 75, 92, 95, 101, 104]. Bipolar disorder detection via GPS follows the same mold, except extending their scope
to mania detection. Constantinides et al [19] classifies mood based off of unique location visits, while Abdullah et al [4] and Palmius et al [67] rely
more so on general activity levels as depicted by location.

4. Signal Processing Techniques

Signal processing covers all methods used to prepare information gathered by sensors for input into the final model for either classification
or regression. We have divided processing methods into three categories: noise reduction, pre-feature manipulation, and feature extraction. These
methods are summarized in Table 2.
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4.1. Noise Reduction

Raw measurements from any sensor are likely to contain noise and outliers; therefore, there is need to normalize, filter, segment, or otherwise
remove these aspects of the raw data. Normalization and weighting are methods of altering data by converting the range from 0 to 1 and by
directly changing the impact of certain data points. The most popular form of normalization in this sample is Z-Normalization, which converts
the probability distribution to a standard Z distribution with an area of 1. An alternate normalization method is min-max normalization, which
assigns the min value of a dataset to 0 and the max value to 1. Another normalization method used for fMRI studies is Montreal Neurological
Institute (MNI) normalization, which provides a standardized coordinate system for brain analysis. The observed weighting method was sigmoid
weighting, which provides a 0 to 1 weight along a sigmoid curve. The commonality between these methods is that values are transformed into a
more limited range that gives insight into the impact of certain data points. The improved readability of the data can then work in tandem with
filtering and segmentation to clean the data.

Filtering is specifically removing certain data points according to a parameter. A commonly used filter was the low pass filter, which allows
lower intensity values to remain while removing higher intensity values. Other filtering methods allow other features to pass through to the model
input. The most common filtering method, band pass filtering, passes only a specific range of values. When filtering is performed on images, as in
gaussian filters, it is typically via convolutional operations that transform the initial image into a more useful form for a particular purpose.

Segmentation is the splitting of data into segments in order to isolate important features. In the reviewed papers, segmentation was most
commonly used to isolate speaking data. For this purpose, the most used method was Noise-Robust segmentation. Noise-Robust segmentation
separates data based off likely indicators of speaking, including harmonicity and periodicity [51]. Another approach was to isolate data based off
voice activity detection (VAD) [23, 48], which removes VAD determined periods of silence. Filtering and Segmentation both remove irrelevant data
to limit model training data to useful information. However, merely removing such data is often not enough and further manipulation is required.

4.2. Pre-Feature Manipulation

The pre-feature manipulation category comprises methods to alter the data in useful ways, without necessarily removing any data, before using
them as model inputs. Two strategies were observed in our sample: altering the data based off imbalance and transforming the data otherwise.

Imbalanced data occurs often in learning based research, as condition groups are often less common than control groups. The most common
method we observed for dealing with data imbalance was using synthetic data, such as data imputation [18, 19, 42, 63, 67, 104, 101] or using
SMOTE [34, 45]. Alternatively, some methods dropped data to better align different sensor features [18, 42, 27]. The final observed method to deal
with imbalanced data was randomly oversampling from the condition group to artificially balance the groups without any definite bias in sampling.

Signal transform is a broad category of mathematically transforming the data into another form. The most common signal transform method
was the fast Fourier transform, which is an efficient algorithm for changing time domain information into frequency domain information by a
Fourier transform, often with the goal of extracting dominant frequencies.

4.3. Feature Extraction

Feature extraction is the final step in the signal processing process that alters the data into its final form for model input. Extraction methods
include compressing the data, using statistical feature selection, applying a different model to create features for the major model, and conversion
of text into features.

Compression is a method to maximize the usefulness of input while lowering the number of inputs. The dominant method for compression
was principal component analysis (PCA), which identifies the major contributing dimensions of a set of inputs so that only the most impactful
aspects of the data may be used for inputs to the final model. Another compression method was DBSCAN, which is a clustering algorithm
commonly used in mood disorder detection by studies using GPS as a key sensor [16, 27, 63, 92, 95, 104]. DBSCAN is also a model based feature
extraction method; however, it is utilized by GPS studies to cluster together similar areas to emphasize distinct locations, so its use is primarily to
compress the number of data points.

Similar to compression, researchers often use statistical features of data as features in order to summarize the data and select important
features for the final model. The single most common signal processing technique was taking the mean, median, and/or quantiles of data and using
these numbers as the features for the final model. This approach has the benefit of being simple to implement and descriptive of the original data,
but runs the risk of over summarizing the data and removing meaningful data points. An alternative or in tandem feature extraction method is
running another algorithm on the raw data.

Some studies used what would otherwise be final models in order to create their features. For instance, Yang et al [102] used a support vector
machine to classify features as high or low impact before inputting the high impact features into a deep neural network. This method runs the risk
of being too arbitrary and extracting non representative features; however, some of the highest performing studies per approach category utilized
this method [62, 68].

Finally, text processing relies on some form of natural language processing (NLP) method to extract features. A key category of NLP
feature extraction is use of sentiment lexicons, dictionaries that provide rationale for assigning certain sentiment scores (such as polarity) to words
and sentences. Included sentiment lexicons were LIWC [10, 84, 87], SentiWordNet [17], and SenticNet [17]. Once the features are extracted by
whatever manner, the features are used as input into the final model.

5. Algorithms

This section describes some of the most common algorithms used to detect depression and bipolar disorder. We list each algorithm alongside
their use for either regression or classification in Table 3.
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Table 3. Summary of Depression and Bipolar Disorder Detection Algorthms
Disorder Algorithm Type

Depression

Support Vector Machine (SVM)

Classification:
[13, 10, 27, 35, 52, 68, 73, 74]

[78, 80, 83, 85, 88, 94, 95, 104, 105]
Regression: [94, 68, 104, 105]

Convolutional Neural Network (CNN)
Classification: [18, 32, 43, 49, 93]
Regression: [15, 46, 66, 79, 107]

Random Forest (RF) Classification: [18, 22, 58, 64, 70, 71, 102, 110]
Logistic Regression Classification: [8, 16, 18, 20, 63, 87, 92]

Gradient Boosting Classifier or XGBoost Classification: [16, 17, 75, 86, 109]

k Nearest Neighbors (kNN)
Classification: [12, 56, 110]

Regression: [36]
Recurrent Neural Network (RNN) or
Long Short Term Memory (LSTM)

Classification: [18, 99]

Multilayer Perceptron (MLP)
Classification: [23, 84]

Regression: [23]
Fuzzy Membership Functions Classification: [106]

AdaBoost Classification: [16, 18]
Linear Regression or GLM Regression: [80, 98, 108]

Naïve Bayes Classification: [62]
Artificial Neural Net Regression: [79]

Association Rule Mining (ARM) Classification: [101]

Bipolar Disorder

Support Vector Machine (SVM) Classification: [4, 6, 26, 38, 48, 51, 90]

Deep Neural Net (DNN)
Classification: [26, 59, 82, 102]

Regression: [45]
Random Forest (RF) Classification: [34, 37, 102]

Convolutional Neural Network (CNN)
Classification [33];

Regression: [33, 42]
Gradient Boosting Classifier Classification: [19, 29]

RNN or LSTM Classification: [24, 42]
Naïve Bayes classifier Classification: [7, 41]

Semi-Supervised Fuzzy C-Means Classification: [14]
Quadratic Discriminant Analysis (QDA) Regression: [67]

Multilayer Perceptron (MLP) Classification: [89]
Linear Regression Regression: [28]

The most commonly used single algorithm was the support vector machine (SVM). The algorithm works by generating and comparing
hyperplanes to discover which hyperplane best separates the data by producing the largest distance to the nearest training points of data points of
any class [54]. SVM is model that can perform either classification or regression tasks. Classification works by discerning the side of the optimal
hyperplane on which a data point lies, while regression works by using the hyperplane itself [2].

The key benefits of SVM are its versatility and its ability to work well with high dimensional data [2]. A variety of kernel functions allow easy
specifications to the classification or regression. The radial basis function (RBF) was the most commonly specified kernel function in our sample
[6, 13, 38, 48, 51, 78, 80, 94, 95, 104, 105? ]. The main drawback of SVM is that it greatly grows in expensiveness as the amount of input data
grows. As available data for this problem is relatively limited and difficult to acquire, this detriment has not majorly impacted current literature,
but may become a burden as datasets grow.

Neural networks were the most commonly used algorithm class, when considering each subtype. A neural network is a series of connected
weighted nodes that models the human brain and trains itself via readjusting weights through backpropagating errors [5]. A deep neural network
(DNN) is a neural network with a large number of node layers between the input and output layers. A convolutional neural network (CNN) is a
DNN that has convolution layers, which consider contiguous spatial characteristics of the input data [5]. CNNs are often used for image analysis.
Recurrent neural networks (RNN) are deep neural networks in which the outputs are reliant on prior elements within the input/output sequence
[76]. RNNs are popular for text and language analysis. Neural networks are extremely powerful, but they come at the cost of computational
expense and being black box algorithms.

The second most commonly used single algorithm was the random forest (RF). RF randomly generates a forest of decision trees and uses
the average prediction to cancel out the error of any single decision tree [1]. Like SVM, RF can perform both classifications and regressions by
choosing the output of the trees. RF has a notably reduced variance in its prediction because of its ensemble averaging, making for a robust model;
however, combining diverse trees can also cause an increase in bias [1]. Because the model works by creating many decision trees, RF can be
memory intensive [1] and may not be the best model if one’s data has a lot of features.

Like RF, gradient boosting uses multiple trees to build a stronger predictor than would be possible with individual trees; however, rather than
independently constructing these trees, gradient boosting sequentially builds weak classifiers with the goal of reducing the bias of the combination
of trees [1]. Gradient boosting is an algorithm that is fast and effective with little modification for both classification and regression problems, but
this ease of use comes with difficult interpretabliliy. A more optimized variant of gradient boosting, called extreme gradient boosting or XGBoost
[100], which works by parallel tree boosting was also implemented for some studies [19, 75, 86, 109].

Next, k nearest neighbors (kNN) is a classification and regression algorithm that finds a user-defined number of closest neighbors for each
data point and assigns either a class or a value to that data point based on the properties of its neighbors. Because the only parameter is the number
of closest neighbors to find, kNN can perform well on data that has irregular boundaries [81] and does not need to be retrained [81]; however, kNN
is costly in time and memory [81] and grows substantially with the dimensionality of the data [3].
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Table 4. Performances of Depression Detection Approaches Using Clinical Sensors

Approach Reference Measure Results
Number
of people

Time
Clinical

Ground Truth

Detection
Via fNIRS

[109]

Accuracy

0.9258 31

Unknown

CES-D, Diagnosis
[93] 0.9 96 PHQ-9
[80] 0.8971 68

Diagnosis
[108] 0.88 13

Detection by fMRI
[62]

Accuracy
0.88 538

Unknown
BDI-II, Diagnosis

[74] 0.85 98 HAMD

Detection via EEG

[49]

Accuracy

0.9859 81
Unknown

Diagnosis
[56] 0.984 20 BDI-II
[110] 0.927 162 1 year Diagnosis
[12] 0.8698 178

Unknown
PHQ-9

[78] F1 0.8997 90
Diagnosis, LES,

MINI, CTQ

Detection via ECG
[106]

Accuracy
0.95 20

Unknown
Diagnosis

[73] 0.71 23 BDI

Finally, Logistic Regression is a classification algorithm that works by directly estimating the probability distribution of the label given an
input [5]. Logistic regression provides a simple and widely available probabilistic model, but it is prone to overfitting, particularly for sparse and
high dimensional data [5].

6. Performance

In this section we analyze the performance of each approach for detecting depression and bipolar disorder. We first analyze depression
detection methods that rely on clinical instrumentation (summarized in Table 4) and then discuss ubiquitous sensor solutions to depression detection
(summarized in Table 5). Last, we analyze the bipolar disorder detection approaches in the same manner (summarized in Table 6). The results
of each study, along with additional context such as the longitudinal length of the study, the ground truth, and the number of participants, are the
summation elements in each case.

6.1. Depression

For the clinical sensing solutions, we begin with fNIRS. The accuracies for fNIRS generally held around 0.9 for all the studies we gathered,
with participant numbers ranging from 13 to 96 and the ground truth generally involving diagnosis. The highest two accuracies of 0.9258 [109]
and 0.9 [93] were achieved by a XGBoost algorithm looking only at oxygenated hemoglobin and a Convolutional Neural Network (CNN) looking
at both oxygenated and deoxygenated hemoglobin, respectively. The two lower accuracy studies utilized a general linear model and SVM for an
accuracy of 0.8971 [80] and linear discriminant analysis for an accuracy of 0.88 [108]. Zhu et al [108] mentions that their classification based on
oxygenated hemoglobin was more accurate, which agrees with the results of the highest performing fNIRS study [109], meaning that future work
may be able to only utilize oxygenated hemoglobin in their analyses.

The fMRI studies had little variance, having accuracies of 0.88 [62] and 0.85 [74]. The higher performing of the two [62] utilized a Bernoulli
naive Bayes aglorithm, while Rosa et al [74] used an L1-norm. Both had around the same accuracy, so it is difficult to ascertain which is the more
robust method. Both methods allow for pattern interpretation of which brain areas contribute to the prediction; however, Mousavian et al [62]’s
approach specifically employed resting state fMRI, meaning that in practice this approach may be more comfortable for patients.

EEG studies performed quite highly and were overall the highest performers by accuracy out of the clinical sensing solutions. Li et al [56] had
an accuracy of 0.984 by discriminating between depressed and non-depressed hospital patients determined by the Beck Depression Inventory. Zhu
et al [110] combined EEG with eye tracking and saw a similarly high accuracy of 0.927. Ke et al utilized cloud based computing with a lightweight
CNN, achieving the highest accuracy of 0.9859. These studies used random forest [110], k nearest neighbors [56, 110], and a convolutional neural
network [49] as their algorithms, with the highest performing study using CNN. The remaining studies utilized kNN [12] and SVM [78]. These
results indicate that kNN is a great algorithm for EEG readings, but that CNN may prove to be superior with future studies.

Detection via ECG also shows promise, but, like EEG, its specialization may limit its use. Zhang et al [106] achieved an accuracy of 0.95
by detecting the heart rate variability of patients already diagnosed with depression compared to healthy controls, while Roh et al [73] proposed
a wearable system that detects the heart rate of patients with unspecified illnesses and compared itself against the Beck Depression Inventory,
yielding an accuracy of 0.71. Implementation issues remain. Because hospital patients are by no means average cases, it is unclear if the diagnostic
ability of these methods exists outside of particular cases. Furthermore, the burden of wearing an ECG monitor (no matter how lightweight) for
already distressed people may not have significant medical worth unless the patient requires a high level of active monitoring. Therefore, ECG and
EEG approaches may be inherently limited in their applicability.

Shifting to ubiquitous sensor solutions, we start with non-location based passive monitoring. This category comprises software sensing
solutions that track user behavior in the background of their day, without the use of GPS or WiFi. The higest performing study, Narziev et al [64],
utilized an accelerometer in addition to a set of software sensors which included phone call data, app usage data, and phone lock and unlock data.
This study achieved an F1 score of 0.96, which is significantly higher than the next highest performing study [58] with an AUC of 0.89. Razavi
et al [70] employed a similar array of software sensors without an accelerometer, but performed substantially worse (AUC of 0.798). The addition
of the accelerometer in Narziev et al seems to best account for the discrepancy. The remaining non-location based passive monitoring studies
employed much simpler sets of software sensors. The next highest performing study [58] (AUC 0.89) utilized only touchscreen typing patterns,
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Table 5. Performances of Depression Detection Approaches Using Ubiquitous Sensors

Approach Reference Measure Results Number
of people Time Clinical

Ground Truth

Non-Location
Monitoring

[64] F1 0.96 20

4 weeks
PHQ-9[58]

AUC

0.89 25
[70] 0.798 412 BDI-II
[52] 0.82 38 PHQ-9[86] 0.72 68 1 year

Detection
via Location

[35]

AUC

0.92 48 PHQ-9
[75] 0.88 206 6 weeks PHQ-9, GAD-7
[63] 0.82 5319 ICD-10
[92] 0.809 83 2 weeks PHQ-8, PHQ-4
[27]

F1

0.86 79 4 months PHQ-9
[95] 0.86 182 PHQ-9, QIDS
[101] 0.855 397 26 weeks BDI-II
[94] 0.85 182 PHQ-9, QIDS
[16] 0.82 138 15 weeks BDI-II
[105] 0.80 79 15 days

PHQ-9[104] 0.79 79 2 weeks[22] 0.766 355

Social media
screening

[17]

F1

0.9681 Unknown Unknown
Self-Report[84] 0.93

[18] 0.835 520 1 year
[99] 0.77 686 2 weeks
[8] 0.769 1294

1 year
CES-D[71] 0.647 166

[88] 0.46 209 CES-D, BDI
[87] AUC 0.832 162 PHQ-9
[10] Accuracy 0.4 236 Unknown BDI

Aid clinicians
in assessment

[68] F1 0.874 65
Unknown

BDI-II, Diagnosis
[23] 0.816 84

BDI-II[6]

Accuracy

0.9636 55
[20] 0.89 48 21 weeks
[83] 0.86 Unknown Unknown Annotated Images
[85] 0.845 BDI-II[32] 0.718 68 1 month

Longitudinal
Score Prediction

[36] RMSE 2.8 12 8 weeks HAMD[98] 5.49 53 6 weeks
[13] Pearson 0.227 28 71 day avg PHQ-8

Interview
Score Prediction

[79]

RMSE

7.15 150

Unknown
BDI-II[46] 7.43 84

[15] 8.13 84 BDI
[107] 8.28 292 BDI-II

and the third highest performing study [52] (AUC 0.82) used only screen locks and unlock data. The lowest performing study, Tlachac et al [86],
had a significantly lower performance than the second lowest study [70], with a jump from an AUC of 0.72 to an AUC of 0.798. This jump could
stem from two factors: Tlachac et al’s year long time scale putting more stress on the model and Tlachac et al’s choice of sensors (number of
contacts and text message reply latency) being poor candidates for depression prediction.

Of the pure software sensing studies, simpler input streams seemed to perform better, with the wide net approach of Razavi et al [70] being
one of the poorer performing studies compared to the studies relying only on typing patterns [58] or screen locks and unlocks [52]; however,
it may be the case that the wide net approach is more predictive when combined with non-software sensors, like accelerometers. It is unclear
if accelerometers would perform better with a more narrow set of software sensors The main limitations of these studies are the relatively low
number of participants for most of the studies and the limited duration of most of the studies. In addition, these methods rely on convincing people
to abandon their phone usage privacy. An important category for comparison is the following section: Detection Via GPS.

Location based sensing is a strongly predictive bracket of passive monitoring solutions that involve a pure GPS methods [35], a pure WiFi
method [94], and mixed sensing methods [22, 27, 63, 75, 92, 95, 101, 104, 105]. The pure GPS methods saw the highest AUC value of 0.92,
indicating that GPS has significant power as a mood disorder sensor, though the regression attempt at pure GPS sensing [13] performed poorly with a
Pearson correlation coefficient of 0.227. The pure WiFi sensing method had a decently high F1 of 0.85 [94], but GPS seems to be a better individual
location sensor. Other methods utilized software sensing [22, 75, 92, 101], microphones [22, 75, 92], accelerometers [27, 63, 92, 101, 104], and
WiFi [95, 104]. The second highest performing study (AUC of 0.88) [75] used foursquare location categorization to refine location data alongside
microphone and software sensing. The highest F1 of 0.86 [95] similarly used WiFi to refine location data, indicating that location is the strongest
sensing parameter among this group of studies. While these seem to be more powerful than non-location passive monitoring solutions, GPS
detection may be considered more privacy invasive, particularly when paired with other sensors. Furthermore, there is the potential that these
solutions will not generalize to larger, more diverse populations. Müller et al [63] demonstrated that their method performed well on college
students (AUC of 0.82), but fell substantially in predictive power when applied to a more diverse population (AUC of 0.57). Most of the other
studies also used students as the participants [27, 35, 92, 94, 95, 101, 104, 105], meaning that this approach might only being strong for monitoring
those in college settings. Studies with more diverse populations are needed to confirm this hypothesis.

The category of social media screening involves scraping social media posts to perform image and text analysis. These solutions present
predictive, methodological, and ethical problems. The highest F1 score of 0.9681 [17] was obtained by collecting over 22,000 twitter posts
where users had either posted at some point about being diagnosed with depression or represented a control group had not, and then creating a
framework for combining two sentiment lexicons (SentiWordNet and SenticNet) and python’s natural language toolkit. This study typifies two
common problems for this group of studies: relying on self reporting and violating privacy due to the use of (admittedly publically posted) medical
information. The next highest F1 of 0.93 [84] was achieved by gathering 1293 depressed posts from users with activity in depression-related
subreddits and 548 posts from users active in subreddits related to family and friends. The healthy users are people notably posting in subreddits
related to being social, as opposed to merely not posting to depression subreddits. Therefore, it is likely that the separation between the depressed
and healthy samples over inflates the F1 score, by exaggerating the difference between the two groups. The other studies in this category all have
substantially lower predictive power. Wu et al [99] and Chiu et al [18] have a similar methodology of having a depressed sample gathered by self
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report of depression diagnosis and a control sample gathered from users who posted "Today is my birthday" for Wu and happy hashtags such as
"#Cheer" for Chiu. All of these studies suffer from reliance on self report, though Wu et al [99] arguably provides a more representative control
sample than [18], [17], and [84]. The other studies in this category were acquired with the users’ knowing consent, which allowed for clinical
ground truth to be established, and the highest score achieved by these studies [87] was an AUC of 0.832. Real world applications this category’s
methods face ethical problems if they are performed without the consent of social media users, but these solutions arguably could be ethically used
as a screening device for consenting users. Another unresolved issue in the current research landscape of this area is the dependence primarily on
public posts. There has been at least one study into screening of private user messages with the users’ consent for an array of mental health traits,
such as one’s degree of anxiety [61], but there is limited work in uniting public and private posts specifically for depression and bipolar disorder.
The results of this category could be considered promising enough for further exploration.

These next studies include ubiquitous sensing solutions for aiding clinicians in assessment, such as interview monitoring [20, 23, 83], clinical
test scoring [6, 85], and an app to aid in therapy [32]. The highest scoring application was a clinical test scorer that used pupil tracing [6] with an
accuracy of 0.9636, while the lowest was a therapy aiding app [32] with an accuracy of 0.72. The clinical test scorers both utilized text reading,
with Akinci et al [6] using a camera for eye tracking and Tao et al [85] using a microphone for audio tracing, with the latter yielding a much lower
accuracy of 0.845. The largest difference between the studies is the utilized sensor. The difference in sensors may be the cause of the discrepancy,
but more studies are needed to justify this claim. The highest performing interview monitor [20] combined head, face, and voice tracking modalities
for an accuracy of 0.89, while the next highest performing interview monitor [83] only used face tracking for an accuracy of 0.86. The audio only
method of Dong et al [23] had an F1 score of 0.816 and an accuracy of 0.82. There seems to be some evidence to suggest that visual face monitoring
is a more promising method than audio monitoring for depression detection. The controllable environment of clinical interviews allows for high
quality audio and video to be captured and analyzed, leading to decent accuracies; however, these results are less predictive than many of the other
approaches, particularly the passive monitoring approaches. This apparent lower accuracy could stem from audio and video being less sensitive
than the suite of sensors used in passive monitoring approaches, but it could also reflect that people are less able or less subconsciously motivated
to obscure their distress when not in the presence of doctors. The key refutation of the latter hypothesis would stem from the lowest accuracy being
the therapy app; however, the training of that app is based off of a database of emotional speech and images, so it is not necessarily comparable to
real world cases.

Unlike the other categories, the next group of studies used a regression approach to predict longitudinal depression scores. Both studies in
this category used HAMD as their metric, which ranges from 0 to 52 and has scores over 7 representing depression [77], and looked at a similar
time span. The main differences between each study were the number of participants and the technology used. Ghandeharioun et al [36] used
12 people, input acceleromter and software sensing data, and implemented a customized ensemble model based off of k nearest neighbors, while
Williamson et al [98] used 53 people, input audio and video, and combined features with Gaussian staircase regression and then used univariate
regression. The higher root means square error (RMSE) of [98] is likely due to a significantly higher sample size having more variance, but could
be a result of software sensing and [36]’s ensemble model being more predictive. However, more research is needed in this area to ascertain the
true cause.

Our final category in Table 5 is interview score prediction, which uses regression techniques to monitor individual interview sessions that are
not repeated across a longitudinal time span. The lowest error method utilized video alone and achieved an RMSE of 7.15 [79], and the next lowest
error of 7.43 arose from using video and audio [46]. These results correlate with our analysis of interview score classification that video based
interview scoring seems to perform noticeably better than audio. The next lowest RMSE is 8.13 [15], again only relying on video. The potentially
refuting study is Pampouchidou et al [68], which achieves an RMSE of 10.15 using only video. All of these studies use some edition of the
Beck Depression Inventory, which is a 0 to 63 scale with each depression level category corresponding to sizes 13 to 5 and above 29 representing
severe depression [44]; therefore, none of these predictors are particularly useful in category level characterization, but do have some broad scale
depression level capabilities.

6.2. Bipolar Disorder

We found significantly fewer studies using electrode sensors for bipolar disorder, limiting our ability to compare ECG and EEG results. The
highest accuracy for ECG based detection (0.9956) [89] focused exclusively on depressive and stable mood states and only used five participants.
The closest point of comparison, Zhang et al [106], achieved an accuracy of 0.95, studying depression in 20 patients. Both studies indicate that there
is extremely high predictive power in diagnosing depressive states using ECG electrodes, but that there need to be larger, more diverse trials to truly
prove generalizeablity. Valenza et al [90] discreiminated between euthymic and non-euthymic (stable and non-stable) moods with a classification
accuracy of 0.69 and a highest per patient accuracy of 0.833. Non-euthymic combines both depression and mania. Clearly there is more work to
be done in this area due to the lack of studies we found, and the next step would be discriminating among euthymic, depressive, and manic states,
rather than lumping depressive and manic states together. It is likely that the low classification accuracy comes from this combination.

For EEG studies, there were substantially higher participants per study and both studies shared the same focus of discriminating between
bipolar disorder and depression using biologically inspired algorithms. The higher performing model [26] used particle swarm optimization (PSO)
and a neural network algorithm, while the lower performing model [25] used an improved ant colony optimization and SVM. We do not attribute
the use of either optimization method to the greater success of the PSO model because they tested PSO with the ant colony model as well. Rather,
we believe that the neural network in [26] was better able to discriminate between the disorders than the SVM model of the lower performing
model.

All the fMRI studies discriminated among schizophrenia, bipolar disorder, and healthy controls. The highest performing study [7] utilized
two rounds of an "auditory oddball task," while in the next highest performing study, Sutcubasi et al [82], it is unclear as to what task if any was
performed. The highest performing study, Arribas et al [7], utilized a Bayesian classifier, and Sutcubasi et al [82] used an artificial neural network
with a genetic algorithm optimizer. Overall the two methods performed similarly, with AUCs of 0.89 and 0.83 respectively, so it is hard to discern
if either approach is better. It is worth noting that Sutcubasi et al utilized 43 more people in their study and therefore their model is perhaps more

9



D. Highland and G. Zhou Smart Health (2022)

Table 6. Performances of Bipolar Disorder Detection Approaches

Approach Reference Measure Results Number
of people Time Clinical

Ground Truth
Detection
by ECG

[89] Accuracy 0.9956 5 Unknown Diagnosis

[90] Accuracy 0.69 14 14 weeks
QIDS, YMRS,

Diagnosis

Detection
by EEG

[26]
AUC

0.905 89 Unknown
HAMD, YMRS,

Diagnosis

[25] 0.793 101 Unknown
HAMD, YMRS,

Diagnosis

Detection
by fMRI

[7] AUC 0.89 60 Unknown Diagnosis
[82] 0.83 103 Unknown Diagnosis
[59] F1 0.491 221 Unknown Diagnosis

Detection
by GPS

[19] Accuracy 0.88 129 3 months Self
[67] F1 0.857 36 186 weeks QIDS-SR
[4] 0.855 7 4 weeks Diagnosis

Non-GPS Based
Passive Monitoring

[37] AUC 0.78 66 12 weeks YMRS, SCAN
[29] 0.66 43 21 weeks HAMD, YMRS

Detection
by motor activity

[45] Accuracy 0.73 55 12.6 day avg MADRS
[34] F1 0.73 55 12.6 day avg MADRS
[33] 0.7 55 12.6 day avg MADRS

Detection
by speech

[48]
AUC

0.81 6 31 wk HAMD,YMRS
[51] 0.78 43 21 weeks HAMD, YMRS
[38] 0.72 37 29.2 week avg HAMD, YMRS
[24]

UAR
0.651 46 Unknown YMRS

[72] 0.57 46 Unknown YMRS
[102] 0.57 27 Unknown YMRS
[41] Accuracy 0.76 10 12 weeks HAMD, YMRS
[14] F1 0.62 2 1 year HAMD, YMRS

Regression
Analysis

[28]

RMSE

3.945
(HAMD)

1.985
(YMRS)

19 Unknown HAMD, YMRS

[42]

2.376
(HAMD)

3.020
(YMRS)

40 8 weeks HAMD, YMRS

[33] MSE 31.40 55 12.6 day avg MADRS

robust than Arribas et al’s approach. The lowest performing study [59] specifically looked at resting state fMRI, meaning that subjects did not have
to perform tasks or otherwise receive stimulation during measurement, perhaps explaining the low F1 score.

In the category of ubiquitous sensor solutions, GPS detection for bipolar disorder followed trends similar to its depression detection equivalent.
These studies have impressive results and most studies combine GPS with other sensors. The only pure GPS study [67] focused on bipolar
depression alone, yielding the highest F1 score of this group at 0.857. The detection of mania in other studies used a combination of sensor
information, such as excessive motion detected by GPS and accelerometer sensors and excessive communication patterns detected by software
sensing. Constantinides et al [19] was able to achieve an accuracy of 88% by personalizing their model to their subjects, implying that the higher
variability of presentation of bipolar disorder can be mitigated by leveraging person-specific information. Abudullah et al [4] yielded an F1 of
0.855 by performing a regression analysis to predict subjects’ social rhythm metric score. They had a low RMSE of 1.40 on a -5 to 5 scale, but as
they then convert this to a classification label using logistic regression.

Much like with depression detection, our non-GPS based passive monitoring category comprises primarily software sensing solutions
to mood detection with one regression analysis study assisted by an accelerometer [42]. The features considered included keystroke metadata
[42, 37], screen on/off data [29], call duration [29], and number of text messages [29]. Huang et al [42] performed a regression analysis of self
administered HAMD and YMRS scores per day, and achieved an RMSE comparable to Ghandeharioun et al’s accelerometer and software sensing
solution for HAMD measured depression [36]. Ghosh et al [37] outperformed Faurhoult-Jepsen et al [29] using only keytroke metadata instead of
several features, like Faurholt-Jepsen et al [29]. This result possibly indicates that keystrokes are a more descriptive predictor of bipolar moods.
The AUC scores for Faurholt-Jepsen et al [29] and Ghosh et al [37] were comparable to the AUC scores for depression detection of non-location
monitoring, but more research is needed to establish the utility of methods using only software sensing and accelerometers.

Bipolar depression detection methods that purely rely on wrist worn actigraph correspond to our detection by motor activity in Table 6.
All included studies used the same dataset and ground truth and achieved similar results, limiting our ability to discern the effectiveness of pure
motor activity for detection. The most impressive idea from these studies are the regression analyses of the MADRS scores [33, 34, 45], as most
mood disorder detection methods focus on classification of mood. However, the results are not strong enough to warrant further research into this
approach without substantial innovation due to the availability of stronger methods for multiple mood detection.

The Table 6 category of Detection by Speech comprises detection via naturalistic speech, as opposed to the clinical interviews, as seen in
the depression section. This distinction means that the success of these methods depend on their ability to deal with noisy data. The three highest
AUC scoring solutions [38, 48, 51] implemented noise-robust segmentation [38, 51] and VAD segmentation [48] in order to isolate speech and
features associated with rhythm. These three solutions used an SVM classifier, while the remaining solutions used a semi-supervised fuzzy c-means
algorithm [14], CNN [41], RF [102], DNN [72], and LSTM [24]. SVM seemed to be an appropriate model for this approach. Detection by speech
appears to be valuable in determining mania and depression without the level of privacy invasion associated with passive monitoring. Nonetheless,
more work is needed to improve the predictive power of these methods. Also of note, this category provides the strongest regression predictions of
YMRS in Farrus et al [28], which we will describe in the context of regression analysis.

Finally we discuss each regression analysis regardless of approach. We have already discussed Huang et al [42] and described their work as
comparable to the HAMD score prediction of Ghandeharioun et al [36]. Huang et al achieves the lowest error for HAMD score prediction in this
sample of papers among both depression and bipolar disorder studies; however, they achieved a significantly worse YMRS score error than Farrus
et al [28]. It is possible that software monitoring simply is better at predicting depression than bipolar disorder, as potentially indicated by the
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higher scoring of non-location based passive monitoring studies of the depression corpus compared to their bipolar disorder corpus counterparts.
Likewise, acoustic detection methods appear more sensitive to mania. However, we need more regression analyses that compare depression and
mania to truly identify the merits of each method towards each aspect of bipolar disorder. Frogner et al [33] provided decent predictive power of
MADRS scores with a mean square error of 31.4 (RMSE of 5.6) using only an accelerometer. MADRS is a 0-60 scale where below 10 corresponds
to absence of depressive symptoms and above 30 indicating severe depression [34], so a RMSE of 5.6 means that there could be significant
ambiguity in the prediction between adjacent categories, but that a non depressed person is not going to be missclassified as severely depressed
or vice versa. Overall, the results for the HAMD and YMRS are more impressive and more descriptive. More work remains for MADRS score
prediction.

6.3. Summary

Detection of depression and bipolar disorder occurs across a diverse array of sensors. As a result, it is difficult to parse the utility of each
category of methods, particularly when comparing methods across two distinct disorders. In order to reduce some of this difficulty, we have
provided a short list of key insights and results from the previous two subsections.

• Methods using clinical sensors are currently limited to use in hospitals and predominately used as diagnostic tools. The highest performing
sensor by accuracy was EEG, with two studies having accuracies greater than 0.98 for depression. For bipolar disorder EEG, there was a
high accuracy of 0.9956 and a low of 0.69.

• Solutions not using location sensing benefited from simple software input streams and adding accelerometer sensing. The highest per-
forming solutions had an F1 of 0.96 and an AUC of 0.89 for depression and a highest AUC of 0.78 for bipolar disorder.

• Techniques that did utilize location sensing seemed to have location as the most important parameter, but these solutions may not gen-
eralize to diverse populations. The highest performing techniques had AUCs around 0.90 when looking at depression, while techniques
looking at bipolar disorder had F1s around 0.85.

• Social media screening for depression works generally worse than passive monitoring methods and often relies on self reporting for ground
truth. These methods also commonly utilize data acquired without the express consent of subjects. The highest performing screeners had
F1s of 0.9681 and 0.93.

• Tools to aid clinicians tended to function best using video as input for both classification and regression tasks. The best performing
classification method had an F1 of 0.874 for depression and an AUC 0.81 for bipolar disorder. Bipolar disorder detection regression
outperformed depression detection regression, with a low RMSE of 2.376 HAMD and 3.020 YMRS for bipolar disorder and a low 2.8
HAMD for depression.

• Detection by speech for bipolar disorder may be better as a fine grain predictor than a broad scale predictor, as the highest classification
performance was 0.81 AUC, but regression provided the lowest error for YMRS at 1.985.

7. Remaining Challenges

This section provides short analyses of various problems facing mood disorder detection. We separate this section between strictly modeling
based challenges and more general problems.

7.1. Technical challenges

In this subsection, we discuss areas for improvement for the technology of mood disorder detection. We provide a concise description of
two problems facing current technological approaches to mood disorder detection, namely dataset imbalance and under-abundance of regression
analyses among both disorders.

Because each mood disorder covered in this survey accounts for about 5% of the U.S. Population, healthy participants are bound to significantly
outnumber participants with mood disorders in large samples. If we are to better generalize these solutions to natural populations, we likely need to
perform studies with large, diverse samples. While we can sometimes sample the population to achieve roughly equal balance between condition
and control groups, we can not always meet this goal, leading to dataset imbalance. Notably, a few of the most impressive results in the reviewed
studies featured methods to handle imbalanced data [19, 27, 42, 62, 67]. Most of these studies were about bipolar disorder, and they used mean
imputation [19, 67] and data dropping [42] to clean their data and align input streams of different sensors. The highest performing fMRI study for
depression used random oversampling and achieved an AUC of 0.94 [62]. Going forward, there needs to be a larger effort in the mood disorder
detection community towards how to best handle imbalanced datasets.

In our sample, only 10 studies (12.6% of all studies) featured regression analysis of mood disorder detection [13, 15, 28, 33, 36, 42, 46,
79, 98, 107]. The three bipolar disorder studies [28, 33, 42] had appropriately low RMSE values for HAMD, YMRS, and MADRS, proving the
potential of regression approaches for mood disorder detection. However, the depression regression studies had generally much larger RMSE values
[15, 46, 79, 98, 107]. This result is unfortunate, as mental health is not a binary process and longitudinal monitoring could be greatly beneficial.
It should not be too difficult to integrate regression solutions into future work. Most algorithms currently being used are capable of regression.
Furthermore, the utilized ground truth values are often numerically scored questionnaires befitting regression analysis. Because longitudinal real
world detection capabilities would be the most powerful application of mental health monitoring, future work in regression analysis of scores is
vital.
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7.2. General Challenges

In this subsection, we discuss some current challenges still faced by mood disorder detection from a non-technological perspective. We briefly
analyze continuing problems surrounding clinical implementation of solutions, possible privacy violations, the discrepancy between studies into
depression and bipolar disorder, and lack of lengthy longitudinal studies.

Aiding clinicians with detection technology eventually requires clinician implementation of these solutions; however, there is reason to
believe that this is not likely in the immediate future. Kerst et al [50] found that clinicians have positive attitudes towards technical interventions,
but that they lack knowledge and experience to effectively utilize the solutions. Therefore, future work is needed to make the solutions intuitive to
users and practitioners and to better include physicians in the research process to gauge the best approaches in the minds of medical professionals.
In addition, all possible clinical uses of these solutions would require clinical trials to verify utility. This process would be more difficult for the
passive monitoring solutions, limiting their ability to aid patients in the future.

Invasion of privacy is another barrier to all the present methods to some extent, as the problem is assessing the interior space of subjects;
however, not all methods violate privacy equally. Methods using clinical sensors proved to be quite powerful and minimally impact privacy, as
patients would likely have to consent to these methods. Moreover, the use of these methods are confined to medical centers. In contrast, the
passive monitoring solutions require constant surveillance of users in terms of location and phone behavior. These solutions come with the promise
of quicker intervention and precise psychological state data, but it is an open question as to how acceptable this monitoring will be to users and
whether the implementation of passive mental health monitor is a net societal good when compared to the cost of privacy. One possible solution to
this conundrum is to require the consent of users, but this approach raises questions about how to most clearly inform users of privacy risks while
also allowing the possibility of interventions into at risk cases.

There are noticeably fewer studies into bipolar disorder and their results are currently of lesser quality compared to depression detection
research. We found 26 studies on bipolar disorder and Jan et al [47] found 33 papers compared to the 53 papers on depression detection in our
survey. For studies involving clinical sensors, we had a highest accuracy of 0.9956 from a study of 5 people [110] and a highest AUC of 0.905 from
a study of 89 people [26]. For the non-clinical sensor studies, we had a highest accuracy of 0.88 [19], a highest F1 of 0.857 [67], and a highest
AUC of 0.78 [37]. Meanwhile clinical sensors for depression had a highest accuracy of 0.9258 in a study with 31 people [109] and a highest
AUC of 0.94 [62], and non-clinical sensors had a highest accuracy of 0.9636 [6], a highest AUC of 0.92 [35], and a highest F1 of 0.9681 [17].
Comparing the scores of depression and bipolar disorder, we see notably higher scores for depression detection generally. Depression studies also
typically have larger sample sizes. There are 20 depression studies (about 37.7% of all 53 depression studies) with sample sizes larger than 100
people versus 4 studies (15.4% of all 26 bipolar disorder studies) for bipolar disorder. The bipolar disorder detection literature is outpaced by the
depression detection literature, as its scores and participant numbers lag behind the depression literature and, subjectively, it is substantially easier
to find studies into depression detection. This discrepancy is likely due to bipolar disorder being an overall more dynamic illness than depression.
Although bipolar disorder is less common than depression, its consequences can be just as devastating. The ability to monitor such a dynamic
illness may enable us to better monitor mood for populations beyond those with bipolar disorder. Therefore, there is a need for more studies into
bipolar disorder detection.

We found a need for longer longitudinal studies based on our sample of studies. Only 8 studies (10.1% of 79 studies) in our sample occurred
over a period of at least 6 months [14, 35, 38, 48, 67, 86, 94, 101]. If detection solutions are going to lead to interventions, then we need to
know that these systems are strong over longer time periods than often provided in the literature. As robust detection is a key promise of any
implementation of mood disorder detection, future literature needs to focus on larger scale studies, and, in particular, longer time scales.

8. Conclusion

In this survey, we provided an overview of existing sensors, signal processing techniques, and algorithms used in the application of depression
and bipolar disorder detection. We followed this overview by a review of the performance for detecting either illness curated by approach.
Finally, we laid out two technological areas of improvement (Addressing dataset imbalance and moving towards regression analysis) as well as
four challenges related to the problem of mood disorder detection (difficulties of clinical implementation, privacy concerns, lack of study towards
bipolar disorder, and lack of long term longitudinal studies). There is much area for improvement for these methods. The number of people
entering this area of research and the large array of solutions is promising nonetheless.
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[20] Hamdi Dibeklioğlu, Zakia Hammal, Ying Yang, and Jeffrey F. Cohn. 2015. Multimodal Detection of Depression in Clinical Interviews. In Proceedings of the 2015
ACM on International Conference on Multimodal Interaction (ICMI ’15). Association for Computing Machinery, New York, NY, USA, 307–310. DOI:https://doi-
org.proxy.wm.edu/10.1145/2818346.2820776

[21] Dogan E, Sander C, Wagner X, Hegerl U, Kohls E. "Smartphone-Based Monitoring of Objective and Subjective Data in Affective Disorders: Where Are We and Where Are We
Going? Systematic Review." J Med Internet Res 2017;19(7):e262

[22] Ada Dogrucu, Alex Perucic, Anabella Isaro, Damon Ball, Ermal Toto, Elke A. Rundensteiner, Emmanuel Agu, Rachel Davis-Martin, Edwin Boudreaux, Moodable: On feasibility
of instantaneous depression assessment using machine learning on voice samples with retrospectively harvested smartphone and social media data, Smart Health, Volume 17, 2020,
100118, ISSN 2352-6483, https://doi.org/10.1016/j.smhl.2020.100118.

[23] Yizhuo Dong, Xinyu Yang, A hierarchical depression detection model based on vocal and emotional cues, Neurocomputing, Volume 441, 2021, Pages 279-290, ISSN 0925-2312,
https://doi.org/10.1016/j.neucom.2021.02.019.

[24] Zhengyin Du, Weixin Li, Di Huang, and Yunhong Wang. 2018. Bipolar Disorder Recognition via Multi-scale Discriminative Audio Temporal Representation. In
Proceedings of the 2018 on Audio/Visual Emotion Challenge and Workshop (AVEC’18). Association for Computing Machinery, New York, NY, USA, 23–30.
DOI:https://doi.org/10.1145/3266302.3268997

[25] Tekin Erguzel, T., Tas, C., & Cebi, M. (2015). A wrapper-based approach for feature selection and classification of major depressive disorder-bipolar disorders. Computers in
Biology and Medicine, 64, 127-137. doi:http://dx.doi.org/10.1016/j.compbiomed.2015.06.021

[26] Erguzel, T.T., Sayar, G.H. & Tarhan, N. Artificial intelligence approach to classify unipolar and bipolar depressive disorders. Neural Comput & Applic 27, 1607–1616 (2016).
https://doi.org/10.1007/s00521-015-1959-z

[27] A. A. Farhan et al., "Behavior vs. introspection: refining prediction of clinical depression via smartphone sensing data," 2016 IEEE Wireless Health (WH), 2016, pp. 1-8, doi:
10.1109/WH.2016.7764553.

[28] Farrús M, Codina-Filbà J, Escudero J. Acoustic and prosodic information for home monitoring of bipolar disorder. Health Informatics J. 2021 Jan-Mar;27(1):1460458220972755.
doi: 10.1177/1460458220972755. PMID: 33438502.

[29] Faurholt-Jepsen M, Busk J, Þórarinsdóttir H, et al. Objective smartphone data as a potential diagnostic marker of bipolar disorder. Australian & New Zealand Journal of Psychiatry.
2019;53(2):119-128. doi:10.1177/0004867418808900

[30] Ferreri F, Bourla A, Peretti CS, Segawa T, Jaafari N, Mouchabac S. How New Technologies Can Improve Prediction, Assessment, and Intervention in Obsessive-Compulsive
Disorder (e-OCD): Review. JMIR Ment Health. 2019 Dec 10;6(12):e11643. doi: 10.2196/11643. PMID: 31821153; PMCID: PMC6930507.

[31] Paolo Fraccaro, Anna Beukenhorst, Matthew Sperrin, Simon Harper, Jasper Palmier-Claus, Shôn Lewis, Sabine N Van der Veer, Niels Peek, Digital biomarkers from geolocation
data in bipolar disorder and schizophrenia: a systematic review, Journal of the American Medical Informatics Association, Volume 26, Issue 11, November 2019, Pages 1412–1420,
https://doi.org/10.1093/jamia/ocz043

[32] Rita Francese and Pasquale Attanasio. 2021. Supporting Depression Screening with Multimodal Emotion Detection. In CHItaly 2021: 14th Biannual Conference of the Italian
SIGCHI Chapter (CHItaly ’21). Association for Computing Machinery, New York, NY, USA, Article 7, 1–8. DOI:https://doi.org/10.1145/3464385.3464708

[33] Joakim Ihle Frogner, Farzan Majeed Noori, Pål Halvorsen, Steven Alexander Hicks, Enrique Garcia-Ceja, Jim Torresen, and Michael Alexander Riegler. 2019. One-Dimensional
Convolutional Neural Networks on Motor Activity Measurements in Detection of Depression. In Proceedings of the 4th International Workshop on Multimedia for Personal Health
& Health Care (HealthMedia ’19). Association for Computing Machinery, New York, NY, USA, 9–15. DOI:https://doi.org/10.1145/3347444.3356238

[34] E. Garcia-Ceja et al., "Motor Activity Based Classification of Depression in Unipolar and Bipolar Patients," 2018 IEEE 31st International Symposium on Computer-Based
Medical Systems (CBMS), 2018, pp. 316-321, doi: 10.1109/CBMS.2018.00062.

[35] W. Gerych, E. Agu and E. Rundensteiner, "Classifying Depression in Imbalanced Datasets Using an Autoencoder-Based Anomaly Detection Approach," 2019 IEEE 13th
International Conference on Semantic Computing (ICSC), 2019, pp. 124-127, doi: 10.1109/ICOSC.2019.8665535.

[36] A. Ghandeharioun et al., "Objective assessment of depressive symptoms with machine learning and wearable sensors data," 2017 Seventh International Conference on Affective
Computing and Intelligent Interaction (ACII), 2017, pp. 325-332, doi: 10.1109/ACII.2017.8273620.

[37] S. Ghosh, S. Sahu, N. Ganguly, B. Mitra and P. De, "EmoKey: An Emotion-aware Smartphone Keyboard for Mental Health Monitoring," 2019 11th International Conference on
Communication Systems & Networks (COMSNETS), 2019, pp. 496-499, doi: 10.1109/COMSNETS.2019.8711078.

[38] J. Gideon, E. M. Provost and M. McInnis, "Mood state prediction from speech of varying acoustic quality for individuals with bipolar disorder," 2016 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP), 2016, pp. 2359-2363, doi: 10.1109/ICASSP.2016.7472099.

[39] J. Gordon, “One year in: Covid-19 and mental health,” National Institute of Mental Health, 09-Apr-2021. [Online]. Available:
https://www.nimh.nih.gov/about/director/messages/2021/one-year-in-covid-19-and-mental-health. [Accessed: 11-Dec-2021].

[40] Franz Gravenhorst, Amir Muaremi, Jakob Bardram, Agnes Grünerbl, Oscar Mayora, Gabriel Wurzer, Mads Frost, Venet Osmani, Bert Arnrich, Paul Lukowicz, and
Gerhard Tröster. 2015. Mobile phones as medical devices in mental disorder treatment: an overview. Personal Ubiquitous Comput. 19, 2 (February 2015), 335–353.
DOI:https://doi.org/10.1007/s00779-014-0829-5

[41] A. Grünerbl et al., "Smartphone-Based Recognition of States and State Changes in Bipolar Disorder Patients," in IEEE Journal of Biomedical and Health Informatics, vol. 19,
no. 1, pp. 140-148, Jan. 2015, doi: 10.1109/JBHI.2014.2343154.

[42] H. Huang, B. Cao, P. S. Yu, C. Wang and A. D. Leow, "dpMood: Exploiting Local and Periodic Typing Dynamics for Personalized Mood Prediction," 2018 IEEE International

13



D. Highland and G. Zhou Smart Health (2022)

Conference on Data Mining (ICDM), 2018, pp. 157-166, doi: 10.1109/ICDM.2018.00031.
[43] Z. Huang, J. Epps and D. Joachim, "Exploiting Vocal Tract Coordination Using Dilated CNNS For Depression Detection In Naturalistic Environments," ICASSP 2020 - 2020

IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), 2020, pp. 6549-6553, doi: 10.1109/ICASSP40776.2020.9054323.
[44] Gordon Jackson-Koku, Beck Depression Inventory, Occupational Medicine, Volume 66, Issue 2, March 2016, Pages 174–175, https://doi.org/10.1093/occmed/kqv087
[45] Jakobsen P, Garcia-Ceja E, Riegler M, Stabell LA, Nordgreen T, Torresen J, et al. (2020) Applying machine learning in motor activity time series of depressed bipolar and

unipolar patients compared to healthy controls. PLoS ONE 15(8): e0231995. https://doi.org/10.1371/journal.pone.0231995
[46] A. Jan, H. Meng, Y. F. B. A. Gaus and F. Zhang, "Artificial Intelligent System for Automatic Depression Level Analysis Through Visual and Vocal Expressions," in IEEE

Transactions on Cognitive and Developmental Systems, vol. 10, no. 3, pp. 668-680, Sept. 2018, doi: 10.1109/TCDS.2017.2721552.
[47] Jan Z, Ai-Ansari N, Mousa O, Abd-Alrazaq A, Ahmed A, Alam T, Househ M. The Role of Machine Learning in Diagnosing Bipolar Disorder: Scoping Review. J Med Internet

Res. 2021 Nov 19;23(11):e29749. doi: 10.2196/29749. PMID: 34806996; PMCID: PMC8663682.
[48] Z. N. Karam et al., "Ecologically valid long-term mood monitoring of individuals with bipolar disorder using speech," 2014 IEEE International Conference on Acoustics, Speech

and Signal Processing (ICASSP), 2014, pp. 4858-4862, doi: 10.1109/ICASSP.2014.6854525.
[49] Ke, H, Chen, D, Shah, T, et al. Cloud-aided online EEG classification system for brain healthcare: A case study of depression evaluation with a lightweight CNN. Softw: Pract

Exper. 2020; 50: 596– 610. https://doi.org/10.1002/spe.2668
[50] Kerst A, Zielasek J, Gaebel W. Smartphone applications for depression: a systematic literature review and a survey of health care professionals’ attitudes towards their use in

clinical practice. Eur Arch Psychiatry Clin Neurosci. 2020 Mar;270(2):139-152. doi: 10.1007/s00406-018-0974-3. Epub 2019 Jan 3. PMID: 30607530.
[51] Khorram S, Gideon J, McInnis MG, Provost EM. Recognition of Depression in Bipolar Disorder: Leveraging Cohort and Person-Specific Knowledge. InINTERSPEECH 2016

(pp. 1215-1219).
[52] J. Kim, J. Hong and Y. Choi, "Automatic Depression Prediction using Screen Lock/Unlock Data on the Smartphone," 2021 18th International Conference on Ubiquitous Robots

(UR), 2021, pp. 1-4, doi: 10.1109/UR52253.2021.9494673.
[53] Kroenke, K., Spitzer, R. L., & Williams, J. B. (2001). The PHQ-9: validity of a brief depression severity measure. Journal of general internal medicine, 16(9), 606–613.

https://doi.org/10.1046/j.1525-1497.2001.016009606.x
[54] Larsen ME, Cummins N, Boonstra TW, O’Dea B, Tighe J, Nicholas J, Shand F, Epps J, Christensen H. The use of technology in Suicide Prevention. Annu Int Conf IEEE Eng

Med Biol Soc. 2015;2015:7316-9. doi: 10.1109/EMBC.2015.7320081. PMID: 26737981.
[55] M. Leonhardt, “What you need to know about the cost and accessibility of Mental Health Care in America,” CNBC, 10-May-2021. [Online]. Available:

https://www.cnbc.com/2021/05/10/cost-and-accessibility-of-mental-health-care-in-america.html. [Accessed: 11-Dec-2021].
[56] Y. Li, B. Hu, X. Zheng and X. Li, "EEG-Based Mild Depressive Detection Using Differential Evolution," in IEEE Access, vol. 7, pp. 7814-7822, 2019, doi: 10.1109/AC-

CESS.2018.2883480.
[57] Lukasiewicz M, Gerard S, Besnard A, et al. Young Mania Rating Scale: how to interpret the numbers? Determination of a severity threshold and of the minimal clinically

significant difference in the EMBLEM cohort. Int J Methods Psychiatr Res. 2013;22(1):46-58. doi:10.1002/mpr.1379
[58] Mastoras, RE., Iakovakis, D., Hadjidimitriou, S. et al. Touchscreen typing pattern analysis for remote detection of the depressive tendency. Sci Rep 9, 13414 (2019).

https://doi.org/10.1038/s41598-019-50002-9
[59] T. Matsubara, T. Tashiro and K. Uehara, "Deep Neural Generative Model of Functional MRI Images for Psychiatric Disorder Diagnosis," in IEEE Transactions on Biomedical

Engineering, vol. 66, no. 10, pp. 2768-2779, Oct. 2019, doi: 10.1109/TBME.2019.2895663.
[60] K. A. McLaughlin, “The public health impact of major depression: A call for interdisciplinary prevention efforts,” Prevention science : the official journal of the Society for

Prevention Research, Dec-2011. [Online]. Available: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3219837/. [Accessed: 11-Dec-2021].
[61] Mendu, S., Baglione, A., Baee, S., Wu, C., Ng, B., Shaked, A., ... & Barnes, L. (2020). A framework for understanding the relationship between social media discourse and

mental health. Proceedings of the ACM on Human-Computer Interaction, 4(CSCW2), 1-23.
[62] Mousavian, M., Chen, J., Traylor, Z. et al. Depression detection from sMRI and rs-fMRI images using machine learning. J Intell Inf Syst 57, 395–418 (2021).

https://doi.org/10.1007/s10844-021-00653-w
[63] Müller, S.R., Chen, X., Peters, H. et al. Depression predictions from GPS-based mobility do not generalize well to large demographically heterogeneous samples. Sci Rep 11,

14007 (2021). https://doi.org/10.1038/s41598-021-93087-x
[64] Narziev, N.; Goh, H.; Toshnazarov, K.; Lee, S.A.; Chung, K.-M.; Noh, Y. STDD: Short-Term Depression Detection with Passive Sensing. Sensors 2020, 20, 1396.

https://doi.org/10.3390/s20051396
[65] “Bipolar disorder,” National Institute of Mental Health. [Online]. Available: https://www.nimh.nih.gov/health/statistics/bipolar-disorder. [Accessed: 05-Dec-2021].
[66] Mingyue Niu, Bin Liu, Jianhua Tao, Qifei Li, A time-frequency channel attention and vectorization network for automatic depression level prediction, Neurocomputing, Volume

450, 2021, Pages 208-218, ISSN 0925-2312, https://doi.org/10.1016/j.neucom.2021.04.056.
[67] N. Palmius et al., "Detecting Bipolar Depression From Geographic Location Data," in IEEE Transactions on Biomedical Engineering, vol. 64, no. 8, pp. 1761-1771, Aug. 2017,

doi: 10.1109/TBME.2016.2611862.
[68] Pampouchidou, Anastasia & Pediaditis, Matthew & Kazantzaki, Eleni & Sfakianakis, Stelios & Apostolaki, Iris-Argyri & Argyraki, Katerina & Manousos, Dimitris & Meri-

audeau, Fabrice & Marias, Kostas & Yang, Fan & Tsiknakis, Manolis & Basta, Maria & Vgontzas, Alexandros & Simos, Panagiotis. (2020). Automated facial video-based
recognition of depression and anxiety symptom severity: cross-corpus validation. Machine Vision and Applications. 31. 10.1007/s00138-020-01080-7.

[69] Planas R, Yuguero O. Technological prescription: evaluation of the effectiveness of mobile applications to improve depression and anxiety. Systematic review. Inform Health Soc
Care. 2021 Sep 2;46(3):273-290. doi: 10.1080/17538157.2021.1887196. Epub 2021 Mar 8. PMID: 33685325.

[70] Rouzbeh Razavi, Amin Gharipour, Mojgan Gharipour, Depression screening using mobile phone usage metadata: a machine learning approach, Journal of the American Medical
Informatics Association, Volume 27, Issue 4, April 2020, Pages 522–530, https://doi.org/10.1093/jamia/ocz221

[71] Reece, A.G., Danforth, C.M. Instagram photos reveal predictive markers of depression. EPJ Data Sci. 6, 15 (2017). https://doi.org/10.1140/epjds/s13688-017-0110-z
[72] Zhao Ren, Jing Han, Nicholas Cummins, Qiuqiang Kong, Mark D. Plumbley, and Björn W. Schuller. 2019. Multi-instance Learning for Bipolar Disorder Diagnosis using Weakly

Labelled Speech Data. In Proceedings of the 9th International Conference on Digital Public Health (DPH2019). Association for Computing Machinery, New York, NY, USA,
79–83. DOI:https://doi.org/10.1145/3357729.3357743

[73] T. Roh, S. Hong and H. Yoo, "Wearable depression monitoring system with heart-rate variability," 2014 36th Annual International Conference of the IEEE Engineering in
Medicine and Biology Society, 2014, pp. 562-565, doi: 10.1109/EMBC.2014.6943653.

[74] Rosa MJ, Portugal L, Hahn T, Fallgatter AJ, Garrido MI, Shawe-Taylor J, Mourao-Miranda J. Sparse network-based models for patient classification using fMRI. Neuroimage.
2015 Jan 15;105:493-506. doi: 10.1016/j.neuroimage.2014.11.021. Epub 2014 Nov 15. PMID: 25463459; PMCID: PMC4275574.

[75] Saeb S, Lattie EG, Kording KP, Mohr DC. Mobile Phone Detection of Semantic Location and Its Relationship to Depression and Anxiety. JMIR Mhealth Uhealth. 2017 Aug
10;5(8):e112. doi: 10.2196/mhealth.7297. PMID: 28798010; PMCID: PMC5571235.

[76] I. H. Sarker, “Deep learning: A comprehensive overview on techniques, taxonomy, applications and Research Directions,” SN Computer Science, 2021.
[77] Rachel Sharp, The Hamilton Rating Scale for Depression, Occupational Medicine, Volume 65, Issue 4, June 2015, Page 340, https://doi.org/10.1093/occmed/kqv043
[78] Shen J, Zhang X, Huang X, Wu M, Gao J, Lu D, Ding Z, Hu B. An Optimal Channel Selection for EEG-Based Depression Detection via Kernel-Target Alignment. IEEE J

Biomed Health Inform. 2021 Jul;25(7):2545-2556. doi: 10.1109/JBHI.2020.3045718. Epub 2021 Jul 27. PMID: 33338023.
[79] S. Song, S. Jaiswal, L. Shen and M. Valstar, "Spectral Representation of Behaviour Primitives for Depression Analysis," in IEEE Transactions on Affective Computing, doi:

10.1109/TAFFC.2020.2970712.
[80] H. Song et al., "Automatic depression discrimination on FNIRS by using general linear model and SVM," 2014 7th International Conference on Biomedical Engineering and

Informatics, 2014, pp. 278-282, doi: 10.1109/BMEI.2014.7002785.

14



D. Highland and G. Zhou Smart Health (2022)

[81] A. Starzacher and B. Rinner, “Evaluating Knn, LDA and QDA classification for Embedded Online Feature Fusion,” 2008 International Conference on Intelligent Sensors, Sensor
Networks and Information Processing, 2008.

[82] Sutcubasi, Bernis & Metin, Sinem & Erguzel, Turker & Metin, Baris & Tas, Cumhur & Arikan, Mehmet & Tarhan, K.. (2019). Anatomical connectivity changes in bipolar disorder
and schizophrenia investigated using whole-brain tract-based spatial statistics and machine learning approaches. Neural Computing and Applications. 31. 10.1007/s00521-018-
03992-y.

[83] Tadalagi M, Joshi AM. AutoDep: automatic depression detection using facial expressions based on linear binary pattern descriptor. Med Biol Eng Comput. 2021 Jun;59(6):1339-
1354. doi: 10.1007/s11517-021-02358-2. Epub 2021 Jun 5. PMID: 34091864.

[84] M. M. Tadesse, H. Lin, B. Xu and L. Yang, "Detection of Depression-Related Posts in Reddit Social Media Forum," in IEEE Access, vol. 7, pp. 44883-44893, 2019, doi:
10.1109/ACCESS.2019.2909180.

[85] Tao, F., Esposito, A. and Vinciarelli, A., 2020. Spotting the Traces of Depression in Read Speech: An Approach Based on Computational Paralinguistics and Social Signal
Processing. In INTERSPEECH (pp. 1828-1832).

[86] M. L. Tlachac and E. A. Rundensteiner, "Depression Screening from Text Message Reply Latency," 2020 42nd Annual International Conference of the IEEE Engineering in
Medicine & Biology Society (EMBC), 2020, pp. 5490-5493, doi: 10.1109/EMBC44109.2020.9175690.

[87] M. Tlachac and E. Rundensteiner, "Screening For Depression With Retrospectively Harvested Private Versus Public Text," in IEEE Journal of Biomedical and Health Informatics,
vol. 24, no. 11, pp. 3326-3332, Nov. 2020, doi: 10.1109/JBHI.2020.2983035.

[88] Sho Tsugawa, Yusuke Kikuchi, Fumio Kishino, Kosuke Nakajima, Yuichi Itoh, and Hiroyuki Ohsaki. 2015. Recognizing Depression from Twitter Activity. In Proceed-
ings of the 33rd Annual ACM Conference on Human Factors in Computing Systems (CHI ’15). Association for Computing Machinery, New York, NY, USA, 3187–3196.
DOI:https://doi.org/10.1145/2702123.2702280

[89] Valenza G, Citi L, Gentili C, Lanatá A, Scilingo EP, Barbieri R. Point-process nonlinear autonomic assessment of depressive states in bipolar patients. Methods Inf Med.
2014;53(4):296-302. doi: 10.3414/ME13-02-0036. Epub 2014 Jun 27. PMID: 24970591.

[90] Valenza G, Nardelli M, Lanata’ A, Gentili C, Bertschy G, Kosel M, Scilingo EP. Predicting Mood Changes in Bipolar Disorder through Heartbeat Nonlinear Dynamics. IEEE J
Biomed Health Inform. 2016 Jul;20(4):1034-1043. doi: 10.1109/JBHI.2016.2554546. Epub 2016 Apr 20. PMID: 28113920.

[91] Van Ameringen M, Turna J, Khalesi Z, Pullia K, Patterson B. There is an app for that! The current state of mobile applications (apps) for DSM-5 obsessive-compulsive disorder,
posttraumatic stress disorder, anxiety and mood disorders. Depress Anxiety. 2017 Jun;34(6):526-539. doi: 10.1002/da.22657. Epub 2017 Jun 1. PMID: 28569409.

[92] Rui Wang, Weichen Wang, Alex daSilva, Jeremy F. Huckins, William M. Kelley, Todd F. Heatherton, and Andrew T. Campbell. 2018. Tracking Depression Dynam-
ics in College Students Using Mobile Phone and Wearable Sensing. Proc. ACM Interact. Mob. Wearable Ubiquitous Technol. 2, 1, Article 43 (March 2018), 26 pages.
DOI:https://doi.org/10.1145/3191775

[93] R. Wang, Y. Hao, Q. Yu, M. Chen, I. Humar and G. Fortino, "Depression Analysis and Recognition Based on Functional Near-Infrared Spectroscopy," in IEEE Journal of
Biomedical and Health Informatics, vol. 25, no. 12, pp. 4289-4299, Dec. 2021, doi: 10.1109/JBHI.2021.3076762.

[94] Shweta Ware, Chaoqun Yue, Reynaldo Morillo, Jin Lu, Chao Shang, Jayesh Kamath, Athanasios Bamis, Jinbo Bi, Alexander Russell, and Bing Wang. 2018. Large-scale
Automatic Depression Screening Using Meta-data from WiFi Infrastructure. Proc. ACM Interact. Mob. Wearable Ubiquitous Technol. 2, 4, Article 195 (December 2018), 27
pages. DOI:https://doi.org/10.1145/3287073

[95] Shweta Ware, Chaoqun Yue, Reynaldo Morillo, Jin Lu, Chao Shang, Jinbo Bi, Jayesh Kamath, Alexander Russell, Athanasios Bamis, Bing Wang, Predicting depressive symptoms
using smartphone data, Smart Health, Volume 15, 2020, 100093, ISSN 2352-6483, https://doi.org/10.1016/j.smhl.2019.100093.

[96] “Depression,” World Health Organization, 13-Sep-2021. [Online]. Available: https://www.who.int/news-room/fact-sheets/detail/depression. [Accessed: 05-Dec-2021].
[97] Herold F, Wiegel P, Scholkmann F, Müller NG. Applications of Functional Near-Infrared Spectroscopy (fNIRS) Neuroimaging in Exercise-Cognition Science: A Systematic,

Methodology-Focused Review. J Clin Med. 2018 Nov 22;7(12):466. doi: 10.3390/jcm7120466. PMID: 30469482; PMCID: PMC6306799.
[98] James R. Williamson, Diana Young, Andrew A. Nierenberg, James Niemi, Brian S. Helfer, Thomas F. Quatieri, "Tracking depression severity from audio and video based on

speech articulatory coordination", Computer Speech & Language, Volume 55, 2019, Pages 40-56, ISSN 0885-2308, https://doi.org/10.1016/j.csl.2018.08.004.
[99] Wu, M.Y., Shen, CY., Wang, E.T. et al. A deep architecture for depression detection using posting, behavior, and living environment data. J Intell Inf Syst 54, 225–244 (2020).

https://doi.org/10.1007/s10844-018-0533-4
[100] “XGBoost documentation,” XGBoost Documentation - xgboost 1.5.1 documentation. [Online]. Available: https://xgboost.readthedocs.io/en/stable/. [Accessed: 13-Dec-2021].
[101] Xuhai Xu, Prerna Chikersal, Janine M. Dutcher, Yasaman S. Sefidgar, Woosuk Seo, Michael J. Tumminia, Daniella K. Villalba, Sheldon Cohen, Kasey G. Creswell, J.

David Creswell, Afsaneh Doryab, Paula S. Nurius, Eve Riskin, Anind K. Dey, and Jennifer Mankoff. 2021. Leveraging Collaborative-Filtering for Personalized Behavior Mod-
eling: A Case Study of Depression Detection among College Students. Proc. ACM Interact. Mob. Wearable Ubiquitous Technol. 5, 1, Article 41 (March 2021), 27 pages.
DOI:https://doi.org/10.1145/3448107

[102] Le Yang, Yan Li, Haifeng Chen, Dongmei Jiang, Meshia Cédric Oveneke, and Hichem Sahli. 2018. Bipolar Disorder Recognition with Histogram Features of Arousal and
Body Gestures. In Proceedings of the 2018 on Audio/Visual Emotion Challenge and Workshop (AVEC’18). Association for Computing Machinery, New York, NY, USA, 15–21.
DOI:https://doi.org/10.1145/3266302.3266308

[103] Sana Yasin, Syed Asad Hussain, Sinem Aslan, Imran Raza, Muhammad Muzammel, Alice Othmani, EEG based Major Depressive disorder and Bipolar disorder detection using
Neural Networks:A review, Computer Methods and Programs in Biomedicine, Volume 202, 2021, 106007, ISSN 0169-2607, https://doi.org/10.1016/j.cmpb.2021.106007.

[104] C. Yue et al., "Fusing location data for depression prediction," 2017 IEEE SmartWorld, Ubiquitous Intelligence & Computing, Advanced & Trusted Computed, Scalable
Computing & Communications, Cloud & Big Data Computing, Internet of People and Smart City Innovation (SmartWorld/SCALCOM/UIC/ATC/CBDCom/IOP/SCI), 2017, pp.
1-8, doi: 10.1109/UIC-ATC.2017.8397515.

[105] Chaoqun Yue, Shweta Ware, Reynaldo Morillo, Jin Lu, Chao Shang, Jinbo Bi, Jayesh Kamath, Alexander Russell, Athanasios Bamis, Bing Wang, Automatic depression
prediction using Internet traffic characteristics on smartphones, Smart Health, Volume 18, 2020, 100137, ISSN 2352-6483, https://doi.org/10.1016/j.smhl.2020.100137.

[106] Z. Zhang, X. Tian and J. S. Lim, "New algorithm for the depression diagnosis using HRV: A neuro-fuzzy approach," International Symposium on Bioelectronics and Bioinfor-
mations 2011, 2011, pp. 283-286, doi: 10.1109/ISBB.2011.6107702.

[107] X. Zhou, K. Jin, Y. Shang and G. Guo, "Visually Interpretable Representation Learning for Depression Recognition from Facial Images," in IEEE Transactions on Affective
Computing, vol. 11, no. 3, pp. 542-552, 1 July-Sept. 2020, doi: 10.1109/TAFFC.2018.2828819.

[108] Zhu, Ye et al. “DISCRIMINATIVE ANALYSIS OF FUNCTIONAL NEAR-INFRARED SPECTROSCOPY SIGNALS FOR DEVELOPMENT OF NEUROIMAGING
BIOMARKERS OF ELDERLY DEPRESSION.” Journal of Innovative Optical Health Sciences 3 (2010): 69-74.

[109] Zhu Y, Jayagopal JK, Mehta RK, Erraguntla M, Nuamah J, McDonald AD, Taylor H, Chang SH. Classifying Major Depressive Disorder Using fNIRS During Motor Rehabili-
tation. IEEE Trans Neural Syst Rehabil Eng. 2020 Apr;28(4):961-969. doi: 10.1109/TNSRE.2020.2972270. Epub 2020 Feb 7. PMID: 32054581.

[110] J. Zhu et al., "An Improved Classification Model for Depression Detection Using EEG and Eye Tracking Data," in IEEE Transactions on NanoBioscience, vol. 19, no. 3, pp.
527-537, July 2020, doi: 10.1109/TNB.2020.2990690.

15


	Introduction
	Background and Related Work
	Background
	Related Work

	Sensors
	Clinical Sensors
	Ubiquitous Sensors

	Signal Processing Techniques
	Noise Reduction
	Pre-Feature Manipulation
	Feature Extraction

	Algorithms
	Performance
	Depression
	Bipolar Disorder
	Summary

	Remaining Challenges
	Technical challenges
	General Challenges

	Conclusion

