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Abstract. Collective evidence from research on the detriment of mental ill-
health in the workplace consistently points to the need for better management of
workplace mental health. However, difficulty in making a reliable, unobtrusive
measurement of an employee’s mental health remains an obstacle in the way of
effective interventions at an organizational level. In this paper, a system named
Clara is proposed with aims to enable passive measurement, and hence effective
management, of workplace mental health. A literature review of different
approaches to measure depression, stress, and anxiety is presented, followed by
a discussion on the design principles that guided the development of Clara. The
overarching system architecture is then outlined, and individual components of
the system are explored in finer details. The paper illustrates how Clara, with its
passive measurement techniques, has the potential to enable objective assess-
ment of workplace depression, stress and anxiety, allowing for delivery of
timely interventions.

Keywords: Workplace mental health � Passive sensing � Machine learning �
Depression � Stress � Anxiety

1 Introduction

In recent years, mental health problems in the workplace have been among the top
concerns for organizations of varying sizes. In a survey conducted by Mental Health
America (MHA) on 17000 workers of different industries, over 35% answered they
“always” miss 3–5 days a month because of workplace stress [1]. In the same survey,
over 80% answered their personal relationships are being negatively affected by
workplace stress [1].

Despite the prevalence of the problem, many suffer in silence. A survey-based
study conducted on 44000 employees in America showed that only about half of the
people experiencing mental health problems have talked to their employers about their
problems [2]. This lack of openness that arises from the stigma associated with mental
illnesses makes them altogether a more trying challenge to tackle.
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Some attempts have been made to put a price tag to this debilitating phenomenon,
and one of such examples is the return on investment analysis report created by PwC on
“creating a mentally healthy workplace” [3]. The report, which measured the cost of
mental health problems in the workplace as the sum of costs of absenteeism, presen-
teeism and compensation claims, showed that per year, employers in a single devel-
oped country loses on average $11 billion - $4.7 billion in absenteeism, $6.1 billion in
presenteeism and $146 million in compensation claims [3]. In [4], the authors measured
the cost of poor mental health in the workplace by exploring the association of
depressive episodes and work productivity, effectively illustrating that about one-third
of the annual $51 billion cost of mental illnesses in America is related to productivity
losses.

Incentivized by such tangible implications of mental health problems in the
workplace, a growing number of employers have started taking initiatives to improve
mental wellbeing of its employees. For example, based on the findings from the
American Psychological Association (APA) study [5] that highlighted the importance
of support from managerial positions on the mental wellbeing of employees, Unilever
began to encourage managers through their global health initiatives to take workshops
to recognize signs of mental health distress [6]. Similarly, Delta Air Lines has set up
early and active intervention programs to support employees with mental health issues.
The programs include the employee assistance program (EAP) that provides employees
with unlimited phone consultations with master’s-level clinicians, three free face-to-
face counseling visits per issue per year and behavioral health leaves [7].

A number of studies have been conducted to evaluate the efficacy of such measures
taken by employers at an organizational level. A comprehensive literature review of
such studies was provided by [8], which presented comparisons of evaluations on three
separate categories of workplace mental health initiatives, namely universal interven-
tions, secondary preventions and tertiary preventions. Universal interventions refer to
strategies for improving mental health that are delivered to all employees in a work
setting without regard to individual risk factors. On the other hand, secondary pre-
ventions and tertiary preventions are targeted to subgroups of employees determined to
be at risk [8].

A meta-synthesis of qualitative research suggests that both secondary and tertiary
prevention have strong evidence for robust effects and reduced symptoms [8]. How-
ever, as these intervention strategies require preliminary identification of target sub-
groups characterized by high levels of risk factors, a key challenge to delivery of
interventions lies in the early detection of such risk factors. The subtlety of mental
ailments, which are difficult to detect from an external observation, makes accurate
measurement of their presence and severity an extremely challenging task.

The costly harms of workplace mental health problems and the heightened interest
around initiatives to address them justify the need for a better employee mental-health
management tool with enhanced risk detection capabilities. With aims to deliver more
timely, targeted interventions at an organizational level, a new system named Clara is
proposed.

In this paper, a literature review on multimodal measurement techniques of mental
health is presented, with a focus on measurement of depression, anxiety and stress
levels. The literature review is followed by an in-depth description of Clara, covering
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its design principles, overall system architecture and individual components. The paper
concludes with a discussion on Clara’s limitations, areas of future research as well as
implications on the betterment of workplace mental health management.

2 Literature Review on Measurement of Mental Health

The past studies on measurement of affective states including depression, anxiety and
stress have often been categorized into three modalities: psychological, physiological
and behavioral. Though psychological assessments carried out via questionnaires make
up the most widely used method for evaluating such state of mental health [9], their
reliability and relevance outside the laboratory setting were often called to question,
mainly with regards to the subjectivity introduced from self-report nature. On the other
hand, the growing accessibility of digital devices such as mobile phones and smart
watches have sparked a noticeable trend in augmenting such self-reported inputs with
verifiable data of physiological and behavioral modalities [10].

2.1 Questionnaire-Based Psychological Assessments

Assessment of depression and anxiety have commonly been done in tandem through
psychometric instruments including DASS-21 [11], PHQ-9 [12] and GHQ-28 [13].
Likewise, several questionnaire-based assessment methods have been developed for
measurement of stress levels. Examples include the Standard Stress Scale (SSS) [14], the
Perceived Stress Scale (PSS) [15] and the Stress Response Inventory (SRI) [16].
Together, these questionnaire-based instruments offer clinicians and researchers a
standardized means to screen for depression, anxiety and stress. Notably, DASS-21
delivers a set of subscales for each of the three scales it measures, depression, anxiety and
stress, allowing for simultaneous yet thorough measurements on the three spectra [11].
For a comprehensive analysis on these measures, their theoretical foci and validation
results, we refer to a review by Sakakibara et al. [17].

Despite the widespread usage of such assessment methods, the clinical relevance of
their outcomes has often been a source of debate in the psychology community.
Concerns frequently raised include reliance on introspective ability of participants,
systematic response distortions, and lapses in memory of participants when asked to
recall their state from the past [9]. These questionnaire-based assessments have also
been criticized for their inability to capture a continuous evolution, and hence subtle
changes, of affective states [18].

2.2 Digital Biomarker-Enabled Measurements

With the flux of different sensor-equipped digital devices entering the market, the term
“digital biomarker” was introduced to the lexicon of clinical medicine. Its definition is
given as “consumer-generated physiological and behavioral measures” collected
through connected digital tools [19], and unlike the aforementioned psychological
assessments, it offers the benefit of enabling a real-time, continuous and quantitative
measurement of an individual’s mental state. Many efforts have been made to establish
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digital biomarkers for mood disorders and affective states, some of which are explored
in detail below.

GPS Approach. Studies have shown that GPS data collected from one’s mobile phone
can act as a powerful predictor for affective disorders including depression and social
anxiety [20, 22]. As GPS data captures information about one’s range of mobility,
home stay and variability in locations visited, signals of mental ill-being were found
embedded in the GPS data in multiple occasions. For example, [20] was able to
demonstrate the potential of this approach by using fine-grained location data from
GPS sensors as a predictor of corresponding, in situ sampling of mental state from 72
study participants. Similarly, in a study conducted with a mobile phone app, Purple
Robot [21], higher-level features including circadian movement, normalized entropy
and location variance were extracted from raw GPS data of 40 participants for analysis
with self-reported depression survey (PHQ-9) [22]. A regression model was trained
with the resulting dataset, achieving a cross-validated error of 23.5% in predicting a
PHQ-9 score based on the extracted GPS features.

Keystroke Dynamics Approach. Keystroke dynamic refers to the unique character-
istics that make up an individual’s typing rhythmwhen using a keyboard or a keypad [23].
Usage of keystroke dynamics in identifying an individual for security applications has
been a popular topic for study [24]. Frequently referenced timing features in such studies
include time per keystroke, average pause length and pause rate. A variety of keystroke-
specific features have been explored aswell, including backspace key rate, delete key rate,
home key rate and sentence-ending punctuation key rate [23].

Following the promising results in identity authentication applications, keystroke
dynamics began to be studied in affective computing. From a field study of partici-
pants’ keystrokes and their self-reported emotional states, [25] was able to develop
classifiers for seven different emotional state, all of which had accuracies above 70%.
The study was significant not only in its high achieved accuracy but also in usage of
diverse features including those of digraphs (two-letter combinations) and trigraphs
(three-letter combinations). Durations between different down keys and up keys of the
n-graphs were extracted from participants’ keystrokes and were aggregated across
participants.

In a separate study exploring the correlations between keystroke dynamics and
stress levels, [26] was able to create a KNN-based mode with 75% classification
accuracy, further affirming the potential of exploiting continuous monitoring of key-
board interactions for stress detection. On top of keystroke and timing features, the
dataset consisted of linguistic features such as language diversity, language complexity
and expressivity. Despite the impressive accuracy score, however, it must be noted that
introduction of such content-based features may significantly limit the scope of
application due to mining of sensitive information.

Mouse Movement Approach. In studies on mouse movements, commonly extracted
features are mouse speed, acceleration, direction and number of clicks. Though not as
common as studies on keystrokes, a number of studies on mouse movements have
demonstrated statistical significance of mouse characteristics in detection of changes in
mental states [27, 28].
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The authors of [27] designed an experiment that induced emotional states amongst
participants by presenting a happy video and a sad counterpart. While the system asked
for self-reports on the participants’ affective states, it passively gathered mouse
movement data without the participants’ knowledge. The experiment results showed
significant differences in mouse motion characteristics for different levels of arousal.
Features that showed particularly high correlation were movement precision, move-
ment smoothness, movement speed and movement acceleration.

Study presented in [28] shared a similar aim of utilizing mouse movement char-
acteristics for development of an empathetic system. More specifically, the paper
presented an experiment that collected mouse movements of 136 participants as they
were watching an online course. Based on the timing of mouse movement pauses, the
system prompted the participants to record their level of boredom. Mouse movement
features were extracted from these records, put together with the labels indicating the
level of boredom and fed into a statistical classifier implemented with a tree-based
algorithm. Though the specificity of the use case and the highly controlled setting of
the experiment make the results of the study not widely applicable, the study has its
significance in suggesting a novel methodology for using mouse movements to detect
changes in emotional state.

Physiological Data Approach. There has been extensive research conducted on
physiological signals that mental loads carry. Wealth of novel smartwatches and fitness
trackers being released to the market are enabling better understanding of time-
dependent physiology of affective disorders, and [25] provides a general overview. In
particular, physiological responses studied in correlation with varying stress levels
include skin temperature, heart rate, blood pressure and respiration patterns [25].

3 Clara: A System for Passive Sensing of Depression, Stress,
and Anxiety in the Workplace

Hereinafter, a system named Clara is proposed with aims to enable unobtrusive mea-
surement and organizational management of workplace mental wellness. The system
uses sensing technology that represents and predicts the internal state of one’s mental
wellness through digital data, and it provides targeted, personalized tools for man-
agement. For employers, the system provides an overall report to enable discovery of
insights, which can be utilized to strategize effective interventions when necessary.

3.1 Design Principles

Key design principles that drove the development of Clara are presented. The princi-
ples described below outline the framework for decision making used in the process of
system development.

Unobtrusive Integration. One key strength of Clara lies in its ability to passively and
unobtrusively collect the data that it needs to deliver the service. As one of the ultimate
aims of the system lies in work productivity enhancement through better management
of workplace mental health, conscious decisions were made throughout the
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development process to ensure that the system minimizes active inputs from the user as
much as possible.

Accurate Sensing. In order to optimize the accuracy of depression, anxiety and stress
detection, the system collects behavioral data that have previously been reported to
contain statistically meaningful signals of an individual’s affective state. Until the
accuracy of prediction reaches an acceptable threshold, clinical ground truths of users’
mental health are collated every week from their responses to DASS-21, a rigorously
validated questionnaire for depression, anxiety and stress screening [11].

Protected Confidentiality. As a large portion of the data collected through the system
includes what could be viewed as very personal information, careful thoughts have
been put into protecting confidentiality. For instance, historical records of both
behavioral data and responses to questionnaires are only viewable by the user himself,
and when an organization-wide report is generated for the employer, the aggregated
data is presented in a way no specific individual is identifiable.

Protected Information Security. When introducing a new software system, infor-
mation security is a major concern for many employers. To minimize risk, the system
gathers the minimum amount of information needed to extract meaningful features for
training the behavioral model. For example, in gathering keystroke data, the exact
keystroke is not captured. Instead, binary truth values of whether the keystroke is a
special character, a number, a backspace or a delete key are delivered to the server with
timestamps. The transfer of any collected data is protected through standard MD5
hashing and encryption algorithms [29].

Engaging User Interface. Lack of engaging user interface is one of the most common
reasons behind deleting mental health mobile apps [30]. Therefore, throughout
development of Clara, design of user-friendly interface was considered a priority.
Examples of user interface on the mobile app are given in Fig. 1.

3.2 System Architecture

The high-level architecture of the backend system is presented in Fig. 2. Descriptions
of individual components within the architecture follow.

Data Collection. The current version of Clara collects data from two sources: desktop
widget and a mobile phone app. Table 1 displays a list of different data collected
through the two mediums. For each type of data collected, the table presents its source,
raw data sample, collection trigger event and optionality.

Collection trigger event describes a condition that needs to be met for the system to
begin collecting corresponding data points. Whereas collection of keystroke and mouse
movement simply begins when employees start using their desktops, more complicated
sets of rules are applied to trigger collection of data from the mobile phone. For
example, GPS-based location is updated to the system only when the system algo-
rithmically determines that the user has traveled more than a certain distance. This
threshold acts as a “distance filter”, and its value is dynamically determined by the
instantaneous speed captured in the reading. The rationale behind dynamically
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changing the threshold is to avoid sampling too frequently in the case of high traveling
speed. A more detailed description of this implementation can be found in [31], from
which the method was taken and adjusted. Likewise, a more detailed description of the
trigger methodology for accelerometer implemented in Clara can be found in [32].

Unlike keystroke and mouse movement data that get collected through the desktop
widget installed en masse within an organization, the different types of data that get
collected on the employee’s mobile phone can be selectively opted into the system by
each employee. For instance, an employee might choose to provide the system access
to his accelerometer data while preventing the system from pulling any data from his

Fig. 1. Clara mobile app user interface

Fig. 2. High-level architecture of the backend system
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mobile phone. While higher level of personalization in both screening and delivery of
care incentivizes employees to give access to a variety of data points, the degree of
flexibility enabled by allowing employees to selectively provide access makes the
system capable of catering to a larger group of people with varying levels of comfort in
data sharing.

Table 1. Raw data collected by the system

Source Name Sample Trigger event Optional

Desktop
widget

Keystroke
dynamic

{timestamp:
1550812094,
event_type:
KeyUp,
is_backspace:
True,
is_punctuation:
False,
is_number: False}

Collection triggered when
a new key is pressed
(event_type = KeyDown)
or released
(event_type = KeyUp)

No

Mouse
movement

{start_timestamp:
1550812002,
end_timestamp:
1550812722,
x: 1024,
y: 484}

Collection triggered
whenever Javascript
“onmousemove” event is
fired (i.e. when mouse is
moved by one or more
pixels)

No

Mobile
phone
app

GPS {timestamp:
1550989802,
latitude: 46.81006,
longitude:
92.08174,
speed: 18,
heading: SW}

Trigger method advanced
by [31].
Only collects GPS data
when distance travelled
exceeds the value of
parameter “distance filter”,
which is dynamically
determined by
instantaneous speed.
Reading is made every
10 min.

Yes

Accelerometer {timestamp:
1582091809,
a_x: 0.047,
a_y: -0.068,
a_z: 1.208}

Trigger method advanced
in [32].
Accelerometer data
collection is initiated when
the difference between the
magnitude of acceleration
in one reading and that of
the previous reading is
greater than the threshold
(T = 1.1 m/s2) for 10
consecutive readings.
A reading is made every
1 s.

Yes
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Collection of aforementioned data occurs concurrently with assessment of the
employee’s mental state through standardized questionnaires. The current version of
Clara focuses on measuring employee’s depression, anxiety and stress levels, and
employees are prompted to fill out the DASS-21 questionnaires every week. The
responses to the questionnaires act as clinical ground truth labels for employees’ mental
state of the week.

Data Preprocessing. Raw data stored in the central database go through series of
preprocessing steps before reaching feature extraction. Common high-level pre-
processing steps across different data types consist of handling insufficient and erro-
neous data and de-noising signals.

As keystroke dynamics and mouse movements are captured rather seamlessly with
close-to-zero noise via desktop widgets, no particular cleaning or preprocessing
strategy specific to these data types is presented. However, in handling GPS and
accelerometer data, thorough considerations were made to ensure that the system
captures from the data as much meaningful signals as possible. The details of these
preprocessing are given below.

GPS Data. Shielding effects and battery exhaustion are some common reasons behind
GPS signal losses. To handle missing GPS data in the system, a matrix imputation
method based on matrix factorization (MF) [33] is implemented per interval of 7 days.
It is worth noting that such MF-based techniques have traditionally been used to
provide collaborative recommendations in location-based services [33].

For the purpose of imputing missing spatial values in our system, two separate
matrices are constructed using respectively longitudes and latitudes of collected GPS
data points. Each element in the matrix represents one GPS data point, and the elements
in one row collectively represent data points collected in one day. In each matrix,
inferences of missing points are made by factorization, which aims to minimize the
errors of the observed points. Using this factorization, both the longitudinal matrix and
the latitudinal matrix are reconstructed with missing values imputed.

Accelerometer Data. A particular instance of accelerometer signal is considered
insignificant if the motion it captures is not of physical movement of the user. In other
words, signals carried by accelerometer when the user simply picks up the phone
should not be considered as a valid acceleration input for the model. To correctly
identify and remove intervals of such signals, the system calculates the rate of change
of acceleration, also known as the jerk. The underlying assumption is that high jerk is
associated with physical movement of the individual, whereas low jerk is associated
with usage of the phone without the movement. Based on this understanding, a
threshold for jerk is defined, and the number of instances of the signal whose jerk is
below this threshold is counted in each interval. The ratio of this number to the total
number of entries in the interval is used to determine significance of the movement
captured in that interval. When this ratio falls under 0.5, the interval is discarded as
containing no movement. This approach was previously implemented in [32].

Feature Extraction. Avariety of features are extracted from streams of preprocessed
data. A comprehensive summary is found in Table 2. A few features require further
elaborations, which are provided below.
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Table 2. Features extracted from different data streams

Data stream Feature extracted Description and comments Unit

Keystroke Average pause length Total pause time/total number of pauses.
(Note. threshold of pause T = 500 ms of no
keyboard input)

s

Pause rate Total number of pauses/total number of
keystrokes

–

Time per keystroke Total input time/total number of keystrokes s
Adjusted time per
keystroke

(Total input time - total pause time)/total
number of keystrokes

s

Digraph timing
features

Timing between different sets of key down
and key up events in digraphs

s

Trigraph timing
features

Timing between different sets of key down
and key up events in trigraphs

s

Mouse
movement

Average movement
speed

Total distance traveled by the cursor during
activity/active time during which distance was
measured

pixel/s

Latest average speed
before inactivity

Average of movement speed during 120 s
before inactivity

pixel/s

Mouse inactivity
occurrences

Number of inactivity occurrences
(Note. threshold of inactivity T = 500 ms of 0
change in coordinate)

–

Average duration of
mouse inactivity

Total duration of inactive sessions/mouse
inactivity occurrences

s

Horizontal-to-total
movements ratio

Number of horizontal mouse movements/total
number of mouse movements

–

Vertical-to-total
movements ratio

Number of vertical mouse movements/total
number of mouse movements

–

GPS Location variance Logarithm of sum of squared longitudinal
variance and squared latitudinal variance

deg2

Time spent in moving (Note. threshold of stationary state
T = 1 km/hour for speed)

h

Total distance
traveled

– km

Average moving
speed

Total distance traveled/time spent in moving km/h

Number of unique
locations

Number of unique clusters formed by the
DBSCAN aclustering

–

Entropy �P
pilog pi

where pi = percentage of time that a
participant spends in location cluster i

–

Homestay Time spent at home. Calculated by identifying
the location cluster at which most data points
are recorded at 0-6am window

h

(continued)
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Digraph and Trigraph Features from Keystroke Data. Digraph and trigraph features
are extracted by forming two-letter combinations and three-letter combinations in the
keystroke data. Digraph features calculated are as follows: difference between times-
tamps of the first key down and second key down, first key up and second key down,
and first key down and last key up. Similarly, trigraph features calculated are as
follows: difference between first key down and third key down and first key down and
third key up. Also known as duration and latency features, these features are extracted
to better capture the rhythm of users’ typing on the keyboard.

Directional Features from Mouse Movement. Previous studies have discovered that
users frequently make horizontal mouse movements as they gaze through information
in paragraphs [34]. In the same studies, vertical mouse movements were more fre-
quently observed when users gazed through dropdowns and menus [34]. These findings
suggest coordination between an individual’s mouse movements and his reading pat-
terns, which could potentially have indicative signals of his mental state.

For application in our system, mouse movement directions have been categorized
into vertical movement and horizontal movement depending on the angle the trajectory
of the cursor movement forms with the horizontal axis parallel to the bottom of the
laptop screen. Figure 3 illustrates this mapping.

Cluster-Based GPS Features. Cluster-based GPS features refer to features derived from
location clusters, created internally in the system by an unsupervised algorithm called
DBSCAN [35]. Our implementation of DBSCAN algorithm requires two parameters,
epsilon and min_points. These two parameters are used to separate the GPS coordinates
into three different categories as one of the following: i) core point if the number of points
around the coordinate is greater than min_points within epsilon, ii) border point if the
number of points around the coordinate is less than min_points within epsilon and if
there’s at least one core point within epsilon, and iii) noise point if the coordinate falls
under neither of the two aforementioned categories. Upon removal of noise points, the
remaining points are iteratively categorized into a cluster until no neighbor, as determined
by the reach of epsilon, is found.When this happens, one of the remaining, uncategorized
core points is added to a new cluster and its neighbors are again added iteratively. At the
end of all iterations, all points end up being labelled with a cluster id.

Table 2. (continued)

Data stream Feature extracted Description and comments Unit

Accelerometer Average step duration Total time for movement recordings/number
of steps

s

Average acceleration
magnitude

Root-mean-square sum of accelerations in x,
y, and z directions

m/s2

Standard deviation of
acceleration
magnitude

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
M ðPM�1

i¼0
ðai � �aÞ2

s

where �a = average acceleration magnitude

m/s2

Average peak
acceleration

Average of peak acceleration magnitude in
each step

m/s2
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The clusters created through this algorithm represent the locations that the user
visits, based on the GPS data. The number of unique clusters is therefore indicative of
the number of unique locations the user visits, and it is used as a feature in our model.
Likewise, for each cluster, a measure of entropy can be calculated using the equation
provided in the description box of Table 2. It is worth noting that this implementation
has previously been used in [31] to measure the variability of time that an individual
spends at different locations.

Step Segmentation from Accelerometer Data. In our system, we consider a single step
as the motion that takes place between two consecutive occurrences of the same foot
making contact with the ground. A segmentation algorithm advanced in [36] is used to
calculate step-based features from the raw accelerometer data. Based on the assumption
that the local maxima of the acceleration vector are associated with footfalls, it uses the
derivative of the smoothed acceleration, jerk, to identify occurrences of a foot hitting
the ground. A low-pass filter, digital Butterworth filter with a critical frequency of 0.05,
is used for smoothing purpose before the calculation of jerk.

Once steps are identified within the accelerometer data stream, features such as
average step duration and average peak acceleration are calculated.

Model Training and Prediction. Features extracted from the raw data get aggregated
into vectors labelled with corresponding ground truth values derived from DASS-21
responses. In such feature aggregation, we consider an interval of 7 days; each interval
ends with the day an employee fills in a DASS-21 questionnaire, and the data points
collected within the interval are put together with the DASS-21 score calculated from
the responses. Per single set of DASS-21 response, three of such feature vectors are
constructed, each one labelled with a severity rating for either depression, anxiety or
stress. Following the standard DASS-21 scoring scheme, a severity rating that acts as a
label for supervised learning can take on one of the following values: normal, mild,
moderate, severe and extremely severe.

Fig. 3. Directional mapping of mouse movement
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Upon construction, the labelled feature vectors are fed into a supervised learning
algorithm, a variant of Adaboost. The decision to implement an Adaboost variant for
model training was motivated by the sparsity of datasets constructed in the system. To
better illustrate this concept, consider users who choose to opt-out of accelerometer
data collection for concerns ranging from privacy issues to battery drainage. The user’s
dataset will then have missing values in columns that are properly populated in datasets
of other users who did not opt-out of accelerometer data collection. In the latter group
of users, accelerometer features may be highly discriminative in predicting affective
states, and thus, simply disregarding accelerometer columns would be a poor decision
in modeling.

To overcome the problem regarding missing values, a variant of AdaBoost is used.
First practical boosting technique introduced, AdaBoost uses weighted ensemble of
“weak classifiers” or “base classifiers”, which individually has a slightly higher perfor-
mance than a random classifier, to produce a strong classifier of better performance [37].
The algorithm is also described as a weighted majority-voting scheme because each vote
(i.e. classification) from a weak learner is weighted based on its error. For the purpose of
binary classification, the traditional AdaBoost algorithm denotes a negative class with -1
and a positive classwith +1 [37]. In the variant ofAdaboost implemented inClara, another
class, denoted by 0, is added to represent a case in which a base classifier abstains from
voting. Advanced in [38], the “Adaboost that abstains” allows a base classifier to “ab-
stain” or output 0 when the particular feature with which it performs learning is missing
value. Following this strategy, the model becomes resilient to missing data and is able to
handle datasets with large portion of features missing.

With datasets constructed with three labels (depression severity, anxiety severity
and stress severity), three models are trained using the aforementioned algorithm. The
weights of the learned models are stored in the backend of the system to make real time
predictions of corresponding severity levels.

Intervention Delivery and Report Generation. Trigger rules for intervention
delivery are as follows: (i) when the predicted severity of at least one affective states
out of depression, anxiety and stress reaches “extremely severe” and (ii) when the
predicted severity of at least two affective states out of depression, anxiety and stress
reach “severe”.

A set of interventions are available for users to choose from. One example of an
effective intervention built into the system is respiratory biofeedback [39]. In this
intervention, the user is given a set of instructions for breathing and relaxation exer-
cises, and the effects of these exercises are captured and made visually available to the
user real time. A screenshot of breathing exercise delivered to user as part of this
intervention is provided in Fig. 1.

To enable discovery of key insights around the state of workplace mental wellbeing
at an organizational level, reports are generated and delivered to employers monthly.
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4 Limitations and Future Work

As it currently stands, the system has a few limitations that need modifications through
future works. More appraisals around buy-in and trust from different stakeholders are
needed to further validate the system.

4.1 Naive Handling of Missing GPS Data

The current method of handling missing GPS data involves usage of MF-based
imputation. A brief study on this methodology using a small sample of GPS dataset
shows that the approach lacks the robustness needed for a more meaningful usage of
the GPS data. Measuring the accuracy of the method involves taking out values from a
latitudinal/longitudinal matrix, reconstructing the matrix using imputation and com-
paring the output with the original values of the matrix. In the preliminary study with a
dataset whose missing values were limited to less than 10% of the size of the whole
dataset, the MF-based imputation yielded data points, more than 15% of which had
greater difference from the ground truth values than the accepted threshold
(T = 500 m).

In order to improve the significance of GPS signals captured, a more effective
strategy in handling missing GPS data should be implemented. Some suggestions can
be found in [40], where a principled statistical approach is explored based on weighted
resampling of the observed data.

4.2 Exclusion of Physiological Signals

As explored in Sect. 2.2.4, physiological signals such as heart rate and skin tempera-
ture have been reported as powerful indicators of an individual’s affective state. While
the current version of Clara only collects behavioral data, integration of physiological
signals in the future versions is expected to improve predictive capability of the system.
For capturing such signals, however, sensor hardware is required. The upcoming
system update will therefore include addition of a pipeline that gathers data from such
sensors-equipped wearables and aggregates them to the central storage system before
corresponding preprocessing and feature extractions.

5 Conclusion

Clara is an unobtrusive, data-driven monitoring and management solution for work-
place mental health. In this paper, we have addressed the limitations of questionnaire-
based mental health assessments that Clara overcomes and presented a review of
passive sensing technologies that power Clara. We have discussed the overall system
architecture of Clara before delving into the details of implementing the smaller
components within the system. Last, based on the limitations identified in the first
version, we have proposed areas of future work.
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With their detrimental effects on productivity, affective disorders at the workplace
have an extremely high price tag. Clara, marked by its timely interventions based on
passive monitoring technology, has the potential to provide employers of the workplace
a solution to effectively manage the mental wellbeing of their employees.
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