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Abstract

Rare life events significantly impact mental
health, and their detection in behavioral studies
is a crucial step towards health-based interven-
tions. We envision that mobile sensing data can
be used to detect these anomalies. However, the
human-centered nature of the problem, com-
bined with the infrequency and uniqueness of
these events makes it challenging for unsuper-
vised machine learning methods. In this pa-
per, we first investigate granger-causality be-
tween life events and human behavior using
sensing data. Next, we propose a multi-task
framework with an unsupervised autoencoder
to capture irregular behavior, and an auxil-
iary sequence predictor that identifies transi-
tions in workplace performance to contextu-
alize events. We perform experiments using
data from a mobile sensing study comprising
N=126 information workers from multiple in-
dustries, spanning 10106 days with 198 rare
events (< 2%). Through personalized inference,
we detect the exact day of a rare event with an
F1 of 0.34, demonstrating that our method out-
performs several baselines. Finally, we discuss
the implications of our work from the context
of real-world deployment.
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or the U.S. Government.

1. Introduction

Life events (LE) are significant changes in an individ-
ual’s circumstances that affect interpersonal relation-
ships, work, and leisure (Hill, 2002). The nature of
these events inevitably affect mental well-being and
general health (Goodyer, 2001). The detrimental ef-
fects of adverse LEs (e.g., death of a loved one, losing
a job, terminal illness) have been widely studied and
known to be associated with a higher incidence of de-
pression and altered brain network structure (Falk-
ingham et al., 2020; Gupta et al., 2017). In contrast,
positive LEs (e.g., taking a vacation, job promotion,
childbirth) are associated with increased life satisfac-
tion, and higher cognitive function (Castanho et al.,
2021). Moreover, LEs affect cardiovascular vascular
disease risk factors, such as increased central adipos-
ity, heightened exposure to inflammation, and ele-
vated resting blood pressure (Steptoe and Kivimäki,
2013). A study by Steptoe and Kivimäki (2012) sug-
gests that even minor LEs can trigger cardiac events
like myocardial ischemia.

Sensing data is a multivariate time series, and
traditional ML approaches for anomaly detection
include the One-Class SVM (OCSVM) (Ma and
Perkins, 2003), Isolation Forest (IF) (Liu et al., 2008),
and logistic regression (Hilbe, 2009). However, these
approaches do not capture temporal dependencies.
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Additionally, creating user-specific thresholds is crit-
ical in human-centered tasks. Thus, methods which
directly predict anomalies (IF) or require threshold
parameter tuning (OCSVM) are not ideal.

Recently, timeseries based autoencoders have re-
ceived significant attention (Rumelhart et al., 1985;
Zhou and Paffenroth, 2017; Audibert et al., 2020; Su
et al., 2019), and many methods use RNN variants
such as LSTM (Hochreiter and Schmidhuber, 1997)
and GRU (Cho et al., 2014) to capture temporal de-
pendencies. In an autoencoder, the reconstruction
error is used to detect anomalies. However, the com-
plexity of human behavior and class imbalance cre-
ates biased learned representations, making it chal-
lenging to distinguish normal and rare events (Pang
et al., 2021). An intuitive solution to this problem
involves increasing the error of rare events without
affecting normal events. Multi-task learning achieves
this by incorporating additional information from a
related task(s) to learn a shared representation, and
thus compensate for the limitations of a purely un-
supervised approach (Sadhu et al., 2019; Wu et al.,
2021).

In this paper, we first use statistical analysis to
examine whether LEs result in behavioral shifts ob-
servable through mobile sensing. Next, we propose
Multi-Task Anomaly Detection (MTAD) to detect
“in-the-wild” rare LEs using behavioral mobile sens-
ing data. We hypothesize that a standalone unsuper-
vised autoencoder cannot effectively capture differ-
ences between normal and rare events using the re-
construction error because of the heterogeneity in hu-
man data and the significant class imbalance (< 2%
rare events). Thus, MTAD trains an auxiliary se-
quence predictor to contextualize events by capturing
changes in workplace performance due to the event.
For example, a participant reported that getting pro-
moted positively impacted their work performance,
while another person mentioned that visiting their
sick parents had a negative effect. We aim to iden-
tify such changes at inference and compute a scaling
factor that magnifies the reconstruction error of rare
events.

1.1. Contributions

Toward the vision of detecting life events from mo-
bile sensing data collected in in-the-wild settings, our
main contributions are as follows. First, we perform
granger-causality testing to detect if the days before
an event can be used to predict days after the event.

Thus, establishing a relationship between LEs and
behavior (section 4). Second, we propose a multi-
task learning architecture consisting of two compo-
nents: (1) an LSTM based encoder-decoder to calcu-
late an anomaly score, and (2) a sequence predictor to
contextualize the anomaly score by inferring a tran-
sition in workplace performance (section 5). Third,
we perform empirical analysis on a real-world dataset
to compare MTAD with five state-of-the-art baselines
to analyze performance and robustness (section 5.4).
Finally, we rigorously evaluate parameters that affect
MTAD (section 5.4) and discuss implications of our
research (section 6).

2. Related Work

2.1. Change Point Detection

Change point detection (CPD) refers to the change in
the state of a time series. CPD has been applied to
various physiological signals (Shvetsov et al., 2020;
Fotoohinasab et al., 2020; Stival et al., 2022). For
example, Shvetsov et al. (2020) propose an unsuper-
vised approach based on point clouds and Wasser-
stein distances to detect six different types of arrhyth-
mias. Designing appropriate metrics that can iden-
tify change is vital in CPD. Consequently, Chen et al.
(2019) design a metric for EEG CPD by modifying
several similarity metrics from other domains. In fit-
ness, Stival et al. (2022) propose a method combining
CPD and Gaussian state space models to detect ac-
tionable information such as physical discomfort and
de-training.

2.2. Anomaly detection methods

Approaches for anomaly detection in multivariate
time series are varying, and several challenges exist
based on the method, and applied area (Pang et al.,
2021). In deep learning, the LSTM encoder-decoder
(or LSTM autoencoder) has received a lot of atten-
tion. Malhotra et al. (2016) demonstrate the robust-
ness of using an LSTM in an autoencoder framework.
Similarly, Park et al. (2018) propose the LSTM-VAE,
which combines the temporal modeling strength of
LSTM with the variational inference capability of
a VAE. The resulting model obtains better gener-
alization for multimodal sensory signals. The Deep
Autoencoding Gaussian Mixture Model (DAGMM)
jointly optimizes two components to enable optimal
anomaly detection, an autoencoder computes a low-
dimensional representation, and a gaussian mixture
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model that predicts sample membership from the
compressed data (Zong et al., 2018). Audibert et al.
(2020) propose an adversarially trained autoencoder
framework to detect anomalies. For anomalous driv-
ing detection, Sadhu et al. (2019) introduce a multi-
task architecture that magnifies rare maneuvers using
domain knowledge regarding the frequency of driving
actions.

2.3. Life event detection

To the best of our knowledge, there are two works
similar to ours. First, Faust et al. (2021) use OCSVM
to assess the response to an adverse life event using
physiological and behavioral signals from wrist-worn
wearables. They focus on examining the responses
to the adverse event and the coping strategies em-
ployed by the participant. Their findings suggest
the existence of behavioral deviations after a nega-
tive event, motivating us to focus on prediction. Sec-
ond, Burghardt et al. (2021) detect abnormal LEs us-
ing wrist-worn wearables from hospital and aerospace
workers. Their method works by first creating a time
series embedding using a hidden markov model vari-
ant and then uses a random forest or logistic regres-
sion for classification.
Our work differs from the previous studies in sev-

eral ways: (1) we use smartphone behavioral data
instead of wearable physiological data, (2) we con-
sider postive, negative, and multiple LEs (differing
from Faust et al. (2021)), (3) we focus on deep mod-
els instead of traditional ML, (4) our data has an
extremely low anomaly ratio (< 2%) compared to
Burghardt et al. (2021) (11.7% and 14.9%). Thus,
we view our problem to be significantly challenging.
Moreover, we provide crucial statistical motivation to
pursue LE detection.

3. Study

The Tesserae study (Mattingly et al., 2019) recruited
757 information workers across different companies
in the USA for one year where participants respond
to several surveys. They were instrumented with a
Garmin vivoSmart 3 wearable and a continuous sens-
ing app is installed on their phone. Participants
are instructed to maintain data compliance level of
80% to warrant eligibility for monetary remuneration.
The sub-cohort’s age ranged from 21 to 64, with an
average of 34. Of the 126 individuals, the dataset is
fairly balanced with 67 and 59 identified as male and

female, respectively. The top 3 areas of occupation
were Computer and Mathematical Sciences, Business
and Finance, and Engineering. Roughly 98% of the
participants had at least a college degree. In terms of
mobile platform, the cohort had 66 Android users and
60 iOS users. Please refer to the link in the data avail-
ability statement to learn about the Tesserae study.
Additional demographic information is listed in Ap-
pendix A.3.

3.1. Features

In contrast to studies using wearable physiology data
(Faust et al., 2021; Burghardt et al., 2021), we use
daily summaries of behavioral mobile sensing features
in our analyses. Overall, we used walking duration,
sedentary duration, running duration, distance trav-
eled, phone unlock duration, number of phone un-
locks, number of locations visited, and number of
unique locations visited. Further, to better under-
stand user behavior, we divide the features (except
number of unique locations visited) into 4 “epochs”
for modelling: epoch 1 (12am - 6am), epoch 2 (6am
- 12pm), epoch 3 (12pm - 6pm), and epoch 4 (6pm
- 12am). Ultimately, 29 features were used for anal-
yses. Previous studies elucidate the importance of
these features to understand human behavior from a
workplace context (Nepal et al., 2020; Mirjafari et al.,
2019).

3.2. Ground Truth

The definition of a significant life event is sub-
jective and depends on the individual. We adopt
a widely accepted definition from job stress liter-
ature, which describes these events as situations
where psychological demand exceeds available re-
sources (Karasek et al., 1981).

After study completion, participants were asked to
describe significant LEs using their diaries, calendars,
and other documents. Participants provided free-text
descriptions for every event, start and end dates, date
confidence, significance, valence (positive/negative),
type of event, and workplace performance impact.
Valence, date confidence, and workplace performance
are reported on a 1-7 likert scale as follows: (1) Va-
lence: “1” indicated “Extremely Positive” and “7”
indicated “Extremely Negative”, and (2) Date con-
fidence: “1” indicated “Lowest confidence” and “7”
indicated “Highest confidence”. Workplace perfor-
mance impact is assigned to one of the following -
“Large Negative Effect”, “Medium Negative Effect”,
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“Small Negative Effect”, “No Effect”, “Small Positive
Effect”, “Medium Positive Effect”, “Large Positive
Effect”.
Our selection criteria is as follows: (1) Valence

must be Extremely Positive, Very Positive, Very Neg-
ative, or Extremely Negative, and (2) Date confidence
must be “Moderately High”, “High”, or “Highest”.
Next, we set a 30-day date limit before and after
an event for analysis. For overlapping events, the
limit is set 30 days before and after the first and last
events, respectively. These choices are based on a
study by Faust et al. (2021) examining the impact of
LEs within a 60-day period. Finally, the missingness
and uneven spacing (discontinuous days) within this
time frame must be < 25%. Every day was labelled
as “1” indicating a rare event or “0” indicating a nor-
mal event. For workplace performance, the label is
forward filled, and an “Unknown” label is assigned to
days before the rare event. Our final dataset consists
of 10106 days from 126 participants with 198 rare LEs
(< 2%).

4. Statistical Testing

Initially, we ask the question: “Does the behavior of
an individual change after an LE?”. If so, what fea-
tures are significant in most of the time series? To
this end, we applied the granger-causality test as fol-
lows. First, we split the 159 multivariate time series
(29 features) into two parts, one before and includ-
ing the rare event (T pre) and the other after the rare
event (T post). Next, for each feature, a granger-cause
test is applied to investigate if T pre granger-causes
T post. A p < 0.05 implies the time series for the spe-
cific feature is significant. Finally, we sum the signif-
icant time series across each feature. For example, in
Figure 1, loc visit num ep 1 has a value of 42, which
implies that 42 out of 159 time series were granger-
cause significant. We used the statsmodel package
for python to apply the granger-cause test with a lag
of upto 6. The SSR-based F-test is used to evaluate
statistical significance at p = 0.05. Significance at
any lag is considered granger-causality, and the total
number of significant time series (out of 159) for each
feature is displayed in Figure 1.
From Figure 1, we observe that the number of lo-

cations visited and location distance between 12am-
6am and 12pm-6pm is significantly impacted by LEs
in several cases, suggesting location behaviors are
crucial to LE detection. In addition, we observe that
walking and running have approximately the same

number of granger-cause time series across episodes,
suggesting an overall change throughout the day
rather than a shift in the timing of these activities.
In contrast, sedentary action varies across episodes,
suggesting that LEs might affect the sedentary state
at different times of the day. Also, unlock duration
and count vary due to a life event. While the number
of unlocks between 12am-6am has the most number
of significant time series, the unlock duration between
6am-12pm has more significance comparatively.

Figure 1: Heatmap indicating the number of time se-
ries (out of 159) that are granger-cause sig-
nificant at p < 0.05. Larger values imply
that the corresponding feature changes af-
ter an LE in many participants, and could
be important for detection. The x-axis is
the number of significant time series, i.e.,
the count of significant time series out of
159. The y-axis are the mobile sensing fea-
tures. “act” is an activity which can be
still, walking, running. “loc” specifies loca-
tion. “dist” is distance. “num” is number.

5. Multi-task anomaly detection

5.1. Problem formulation

Given a set of I participants, we define a multivariate
time series for each user u ∈ {1, . . . , I} with T days as
T u = {xu

1 , . . . ,x
u
T }, where x ∈ Rm , m is the number

of mobile sensing features, and t ∈ {1, . . . , T} is a
specific day. To model temporal dependencies, we
apply a rolling window approach to the time series.
A window at day t with a predefined length l is given
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by:

Wt = {xt−l+1, . . . ,xt−1,xt} (1)

Using equation (1), the user’s multivariate time se-
ries T u is transformed into a collection of windows
W = {W1, . . . ,WT }, where W ∈ Rl×m. Next, a win-
dow is assigned a binary label yR ∈ {0, 1}, where
yR = 1 indicates a rare life event at the time t (i.e.,
yRt = 1) and yR = 0 indicates a normal event in all
other cases. Observe that we only consider the exact
day of the rare event to be a rare window. Given that
each participant’s windows is transformed separately,
we generalize the entire collection of normal and
rare event windows across participants asWnormal =
{W1, . . . ,WN} and Wrare = {W1, . . . ,WR}, respec-
tively.
In our context, we define a multi-task model with

two related tasks trained using Wnormal. First, an
unsupervised learning task trained to reconstruct
the input Wnormal, which produces higher errors or
anomaly scores when reconstructing Wrare. Thus,
facilitating rare life event detection. Second, a su-
pervised learning task to contextualize and scale the
anomaly score. Here, Wnormal is trained to predict
a workplace performance vector y ∈ Rl, where each
day t ∈ {1, . . . , l} in W represented by yt belongs to
one of the workplace performance labels described in
3.2.
Problem Statement. Given a participant’s multi-

variate time series window Wt and the corresponding
workplace performance vector y, the objective of our
problem is to train a multi-task framework capable
of detecting a rare life event at time t.

5.2. Multi-task Architecture

Our multi-task framework (Figure 2) consists of three
components: an encoder E which maps a window W
to a low-dimensional representation (latent space) Z,
a decoder D to reconstruct W from Z (5.2.1), and
a sequence predictor P to predict the workplace per-
formance vector y (5.2.2).

5.2.1. Unsupervised Autoencoder (Task A)

We capture temporal dependencies from the mul-
tivariate time series using LSTMs (Hochreiter and
Schmidhuber, 1997) to build the encoder-decoder ar-
chitecture. An LSTM encoder learns from an input
window W by running through the day-wise input
sequence and computes a fixed size latent space Z.
Next, Z is copied multiple times to match the length

of the window. Finally, the LSTM decoder D uses
Z to reconstruct the input sequence, and the recon-
structed sequence is represented as W . We train the
LSTM encoder-decoder (LSTM-ED) by minimizing
the reconstruction error between W and W using the
mean squared error defined as:

LA =
1

l ×m
∥W −W∥2F (2)

where W = D(Z); Z = E(W ); ∥ · ∥F is the Frobenius
norm

Recall that we only use Wnormal to train the
LSTM-ED to learn normal event representations.
Therefore, by using the reconstruction error as an
anomaly score α, we can detect rare events based
on their higher α values. However, it is possible
that some participants or events do not exhibit sig-
nificant behavior changes which can be captured by
our LSTM-ED through α. To address this challenge,
we attempt to identify anomalies through a super-
vised learning setup in the next section. Srivastava
et al. (2015) describes LSTM encoder-decoder archi-
tectures in detail.

Algorithm 1: Training

Input: Dtrain with Wnormal = {W1, . . . ,WN},
{Y1, . . . , YN}, class weight vector w, and
number of epochs E.

Output: Trained E, D, P
E, D, P ← initialize weights;
e← 1;
repeat

for n← 1 to N do
Zn ← E(Wn);

Wn ← D(Zn);

Ŷn ← P (Zn);

LA ← 1
l×m∥Wn −Wn∥2F ;

LB ← −
∑l

i=1

∑c
j=1 Ynij × ln(Ŷnij)× wj ;

L ← LA + LB ;
E,D,P ← update weights using L;

end
e← e+ 1;

until e = E;

5.2.2. Sequence Prediction (Task B)

To scale the anomaly score α, we train a supervised
sequence predictor P to detect day-wise workplace
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Figure 2: The proposed multi-task learning architecture illustrating training information flow for a window
W of length l.

performance. The window W and a true workplace
performance label vector y ∈ Rl as training inputs,
where the label for day t ∈ {1, . . . , l} inW represented
by yt has one of the performance labels described in
section 3.2. Moreover, Y ∈ Rl×c represents one-hot
vectors from y with c classes (c = 8). Observe that
W is same for tasks A and B. Hence, our architec-
ture shares the LSTM encoder network E described
in section 5.2.1. For Task B, P is composed of an
LSTM network to further extract temporal features
from the latent representation Z followed by a fully
connected layer FC (softmax activation) to predict

day-wise class probabilities Ŷ . At inference, Ŷ is
mapped to the predicted workplace performance label
vector ŷ. The model is optimized using the weighted
categorical cross-entropy loss function defined by:

LB = −
l∑

i=1

c∑
j=1

Yij × ln(Ŷij)× wj (3)

where Ŷ = softmax(FC);
wj is the weight for class j.

From equations (2) and (3), we can represent the
final loss function as L = LA + LB . The proposed
multi-task architecture is trained in an end-to-end
fashion, where the tasks A and B are jointly opti-
mized by minimizing L (Algorithm 1).

5.2.3. Inference

The detection phase workflow (Algorithm 2) com-
putes the anomaly score α from Task A and a scaling
factor s from Task B for each test window.
Anomaly Score. Recall that, our goal is to identify

a rare event on the exact day. Thus, we unroll W and
W to compute the score for the most recent day t as
follows:

α =
1

m

m∑
j=1

(xj − xj)
2 (4)

where x and x are the true and reconstructed multi-
variate time series, respectively; m is the number of
mobile sensing features.
Scaling factor. The effect of stressful life events af-
fect work-life balance in US workers and reduce pro-
ductivity (Hobson et al., 2001). Thus, there is reason
to believe workplace performance shifts after an LE.
To capture this change, we first transform the pre-
dicted workplace performance vector ŷ into a binary
vector r ∈ Rl−1 defined as:

rt−1 =

{
1 ŷt ̸= ŷt−1

0 otherwise

where t ∈ {2, . . . , l}
In essence, we identify the day of workplace per-

formance change and use it as a proxy for rare event
detection. For example, consider a ŷ = [“Unknown”,
“Unknown”, “Large Negative Effect”] with l = 3,
then the transition vector is r = [0, 1]. Initially, we
assumed that a value “1” on the most recent day
could be directly used to detect the rare event. How-
ever, this idea had two major limitations. First, it
is possible that larger window sizes might have mul-
tiple transitions (rt = 1). Second, erroneous predic-
tions might hinder detection. Thus, we exponential
weight our transition vector r. Intuitively, more re-
cent workplace performance shifts have larger impact
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on behavioral changes owing to LE. The scaling fac-
tor s aims to capture the abovementioned effect as
follows:

s =
1

l − 1

l−1∑
t=1

e−λtrt (5)

where λ is a constant decay factor.

Detection. The final scaled anomaly score δ is com-
puted from equations (4) and (5) in the following way:
δ = α

s . Observe that δ = α when r is a zero vector,
i.e., a vector with no workplace performance changes.
Ultimately, a window Wt with a scaled anomaly score
δ has a rare life event at t (yRt = 1) if δ is greater than
a threshold γ. However, the scarcity of rare events
hindered threshold tuning based on performance met-
rics. Thus, γ is the 95th percentile anomaly scores
from the validation data set.

Algorithm 2: Inference

Input: Dtest with W = {W1, . . . ,WN+R}, γ
from Dval, l, λ.

Output: yR = {yR1 , . . . , yRN+R}
for n← 0 to N +R do

Zn ← E(Wn);

Wn ← D(Zn);

Ŷn ← P (Zn);

x,x← unroll(Wn), unroll(Wn) ;

α← 1
m

∑m
j=1(xj − xj)

2;

ŷ ← get class labels from probabilities Ŷn;
r ← compute binary transition vector from
ŷ;

s← 1
l−1

∑l−1
t=1 e

−λtrt ;

δ ← α
s ;

if δ > γ then
yRn ← 1;

else
yRn ← 0;

end

end

5.3. Experimental Setup

We performed several pre-processing steps for opti-
mal training and inference. First, we impute miss-
ing data and unevenly sampled time series using the
mean. Second, we forward fill missing rare event and

workplace performance labels. Third, within-subject
feature normalization is applied as a precursor for
personalization. Finally, each participant’s time se-
ries is transformed into windows of length l = 10
using equation (1).

In our analysis, we divide Wnormal and the corre-
sponding y into training (Dtrain), validation (Dval),
and test (Dtest) with ratio of 80:10:10, respectively.
Next, we append Wrare to Dtest. Note that rare
events are held-out for testing and are neither used
for training nor validation. Moreover, we generate ten
different user-dependent splits to ensure the training,
validation, and test data sets consist of time series
from all participants. To assess positive class per-
formance in imbalanced data, we use precision (P),
recall (R), and the F1-score, and report mean and
standard deviation across the splits. The windows
are unrolled at inference to detect a rare event on the
exact day. Thus, identifying if a rare event is present
within a window is not considered to be an accurate
detection.

5.4. Results

In this section, we examine the properties of the pro-
posed framework by comparing it with other base-
lines (5.4.1), analyzing the strengths of personaliza-
tion (5.4.2), and estimating the changes in perfor-
mance at different window sizes and decay constants
for the scaling factor (5.4.3). Next, we perform an
ablation study to assess the necessity of the sequence
predictor (5.4.4). Finally, we assess the types of
events identified by MTAD (5.4.5).

5.4.1. Performance

We evaluate the performance of our algorithm by
comparing it with five state-of-the-art baselines for
anomaly detection, namely, OCSVM, IF, LSTM-
VAE, DAGMM, and LSTM-ED. As shown in Table
1, MTAD performs significantly better than all tra-
ditional machine learning and deep learning meth-
ods in terms of P, R, and F1. Particularly, MTAD’s
0.29 F1 score is 2.6 times greater than a standard
LSTM autoencoder (LSTM-ED). Unlike other meth-
ods, DAGMM does not compute a normal event de-
cision boundary, i.e., train only with normal event
data. Consequently, we observe that DAGMM has
a higher recall than methods like LSTM-ED, LSTM-
VAE, and OCSVM, but it has poor precision.

Interestingly, IF performs better than deep mod-
els like LSTM-ED and LSTM-VAE. IF directly pre-
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Figure 3: Comparison between general LSTM-ED and MTAD at different window sizes.

Figure 4: Comparison between LSTM-ED-PT and MTAD-PT at different window sizes.

Table 1: Comparison of MTAD with baselines using
precision (P), Recall (R), and F1-score (F1).

Algorithm P (std) R (std) F1 (std)

OCSVM 0.32 (0.04) 0.07 (0.00) 0.12 (0.06)
IF 0.22 (0.01) 0.18 (0.01) 0.20 (0.00)
LSTM-VAE 0.28 (0.04) 0.07 (0.01) 0.12 (0.01)
DAGMM 0.04 (0.01) 0.11 (0.02) 0.06 (0.01)
LSTM-ED 0.25 (0.03) 0.07 (0.01) 0.11 (0.01)
MTAD 0.47 (0.05) 0.21 (0.03) 0.29 (0.04)

dicts a rare event without considering temporal in-
formation, whereas LSTM approaches used windows
that might contain unknown rare events or behavioral
discrepancies, thus, resulting in poor performance.
Moreover, we observe that unsupervised LSTM au-
toencoder approaches are sensitive to variance in hu-
man behavior (Table 1), suggesting that the latent
representation computed might be biased to a spe-
cific user “persona”. To address this, we attempt to
personalize our approach to improve performance.

5.4.2. Personalization

Towards personalization, we applied within-subject
normalization to capture user-specific behavior
changes and computed user-specific thresholds γu

from the individual’s validation data. Detecting
rare events using these personalized thresholds (PT)

Table 2: Comparison of personalized threshold mod-
els using precision (P), Recall (R), and F1-
score (F1).

Algorithm P (std) R (std) F1 (std)

LSTM-VAE-PT 0.25 (0.02) 0.27 (0.02) 0.26 (0.02)
LSTM-ED-PT 0.26 (0.02) 0.26 (0.02) 0.26 (0.01)
MTAD-PT 0.33 (0.02) 0.35 (0.03) 0.34 (0.03)

yields performance improvements for all threshold-
based methods, as shown in Table 2. Overall, MTAD-
PT is the best performing method with an F1 of 0.34,
a 0.05 increase from the general model. From Ta-
ble 1 and 2, we see that unsupervised methods like
LSTM-VAE-PT and LSTM-ED-PT show the most
F1 score improvements of 0.14 and 0.15, respectively.
Interestingly, by personalizing MTAD, we observe a
trade-off between precision and recall. Additionally,
methods like IF directly predict an anomaly without
thresholds and cannot be personalized without train-
ing. Our experiments show that methods like MTAD
can achieve performance improvement simply by per-
sonalized thresholding without additional training,
demonstrating its advantage in human-centered prob-
lems.

5.4.3. Effect of parameters

Window size. Optimal window size is critical to suf-
ficiently discerning differences between normal and
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rare events. Smaller window sizes allow each day
to have more impact, whereas larger ones spread
importance across many days. Thus, we evaluate
the performance of MTAD, LSTM-ED, MTAD-PT,
LSTM-ED-PT using four different window sizes l ∈
{6, 8, 10, 12}.

We observe several interesting trends from Fig-
ures 3 and 4. First, the performance of MTAD and
MTAD-PT increases with larger window sizes from 6
to 10. However, the difference in F1 score of MTAD-
PT at l = 10 and l = 12 (0.34 vs 0.34) is insignificant.
Second, the performance of LSTM-ED deteriorates
gradually with increasing window sizes. Conversely,
LSTM-ED-PT F1 score increases, demonstrating the
robustness of using user-specific thresholds. Third,
by personalizing, we observe a trade-off between P
and R for MTAD at all window sizes. For our prob-
lem, the higher recall is acceptable, and we use a
window size l = 10.
Decay constant. The constant λ used in expo-
nential weighting determines the intensity of decay
where higher values drastically reduce the weight
of days farther from the current day as opposed to
lower values. We evaluated the sensitivity of MTAD
and MTAD-PT at different decay constants λ ∈
{0.5, 2, 5, 10} and identified no significant changes
(Appendix A.4). Intuitively, we expect this behavior
as the proposed method only magnifies the anomaly
score of windows with at least one rare event, leaving
windows with normal events unchanged.

5.4.4. Utility of the sequence predictor

We evaluate the necessity of having both tasks by per-
forming an ablation study at inference. After train-
ing, we treat the sequence predictor as a supervised
classifier where a W has a rare event at time t if
the transition vector value rt−1 = 1, i.e., there is a
workplace performance change between the two most
recent days. The model obtained a P, R, and F1 of
0.52, 0.04, and 0.07 respectively. An 0.07 F1 score of
the sequence predictor is poor compared to the base-
lines in Table 1. Additionally, this experiment shows
that a combined multi-task model has superior per-
formance compared to standalone methods.

5.4.5. Analyzing event type and valence

We analyze the events identified by our model and ob-
serve that it is capable of identifying personal, work,
health, and financial events (Table 3). These types of
events directly affect the participant or their relatives.

Our method is unable to identify societal and mis-
cellaneous events. These events could be related to
politics, sports, or other local activities which could
indirectly affect mood. From Table 3, we observe
that MTAD-PT is fairly balanced at detecting posi-
tive and negative events with similar recall (0.40 vs
0.39).

Table 3: Events detected or recall (R) using MTAD-
PT distributed by type

Event Type Total Events Events Detected (R)

Type
Personal 92 41 (0.44)
Work 69 21 (0.30)
Health 14 7 (0.50)
Financial 13 9 (0.69)
Societal 8 0 (0.00)
Other 2 0 (0.00)
Valence
Positive 136 54 (0.40)
Negative 62 24 (0.39)

6. Discussion

6.1. Summary of results

Initially, granger causality testing suggested that lo-
cation features are crucial in detecting behavioral
changes after an event. Perhaps, both negative and
positive events such as loss of loved one or vaca-
tion result in changes in location dynamics. We ob-
served that 46 time series were significant for loca-
tion distance between 12am-6am. This is consider-
ably large from an extreme anomaly detection per-
spective. Thus, motivating us to build a multi-task
learning model to detect rare LEs.

The results of rare life event detection presented in
section 5.4 highlight the advantages our deep learning
approach. A multi-task setup can be used to over-
come the deficiencies of a purely unsupervised deep
learning model. Specifically, the presence of a severe
class imbalance (< 2%) can be addressed using our
method. In comparison to Burghardt et al. (2021),
we achieve a comparable F1 of 0.34 on a more chal-
lenging problem because of the aforementioned class
imbalance (11.7% & 14.9% vs. 1.9%). Moreover, our
method can detect both positive and negative LEs in
addition to different events types such as personal,
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work, health, and financial (Burghardt et al., 2021).
Our approach can be extended to other applications
by appropriately identifying auxiliary tasks to posi-
tively transfer knowledge to the main task.

With the future vision of deploying models on mo-
bile devices, it is imperative that models are not re-
trained on the phone. Higher computational costs
of training models results in slower application per-
formance. Consequently, human interaction with
the application might be reduced. Personalizing the
thresholds for each individual without re-training ad-
dresses this issue while simultaneously improving the
performance of MTAD and other unsupervised mod-
els.

6.2. Implications

Two major directions could greatly benefit from our
work. First, as LEs are difficult to identify with-
out explicit questions, detecting them using mobile
phones is valuable. Second, interventions can allevi-
ate the stressful impact of LEs.
Detection. Generally, LEs are identified only
through self-reports. Automated detection in-the-
wild is difficult because of the subtleties of human
behavior. Our analysis of data from Android and
iOS devices illustrates the effectiveness of using pas-
sive sensing data instead of conducting monthly inter-
views or similar alternative methods with employees.
Thus, mobile phones are a low-burden option offer-
ing continuous real-time sensing to detect rare LEs.
Ultimately, we envision detection leading to helpful
and empathetic interventions.
Ubiquitous health interventions. Individuals can
use our detection algorithm for teletherapy and self-
monitoring. In teletherapy, smartphone sensing ap-
plications can connect people to counselors, mentors,
or therapists offering event-specific services. For ex-
ample, a death in the family requires the expertise of
a grief counselor, whereas a mentor can help tackle
the stressors of a new job promotion. Applications
like Talkspace and Betterhelp offer several services
in this sector, and our methods can be integrated
with similar applications. Second, our algorithm can
be extended for self-monitoring, where an app tracks
anomalous behaviors longitudinally—ultimately sug-
gesting intervention strategies for significant behav-
ioral deviations.

Organizations should be proactive in improving the
mental health and wellness of its employees. Here,
we describe three intervention scenarios using smart-

phones. First, having helpful co-workers reduces neg-
ative triggers. Our method may be used to de-
tect a life event passively and provide incentives
to an information worker to help colleagues. Sec-
ond, Spector and Fox (2002) suggest that emotion
about control over a stressful event affects health.
Thus, emotion regulation strategies such as cogni-
tive re-appraisal (re-interpreting a situation) can be
prompted to the user through mobile apps (Katana
et al., 2019). Third, organized leisure crafting have
been shown to positively affect mental health and can
be used as an intervention tool (Ugwu, 2017).

6.3. Limitations

Some limitations of this work should be noted. First,
we do not address the “cold-start problem” to eval-
uate performance for an unseen user. Thus, our
model with personalization requires user behavioral
data to construct specific thresholds and latent spaces
for detecting LEs in the future. Second, it is useful
to understand how the various mobile features con-
tribute the most to detection. The latent features
constructed by autoencoders are unobserved feature
spaces compressed into a low-dimensional for recon-
struction and prediction. Therefore, interpretation of
these features is not straight-forward, the additional
scaling of the auxiliary task further hinders this abil-
ity. Third, some rare events cannot be detected be-
cause of their similarity to normal events. In essence,
there are several confounding factors that may or may
not elicit a behavioral change in an individual. For
example, if a person’s responsibilities are similar after
a job promotion, their routine and actions might not
be significantly different. Conversely, it is also possi-
ble that normal days are anomalies and not related
to the events themselves.

6.4. Ethical considerations

While monitoring worker behavior has benefits to
health, it also highlights the need for ethical data
usage. For instance, organizations analyzing mobile
phone data should use informed consent to protect
private data. The primary intention of life event de-
tection must be to offer help and support. Neverthe-
less, sensing data can be used adversarially to mon-
itor employee productivity to maximize benefits for
the organization. Thus, sacrificing trust between em-
ployee and organization, while damaging interaction
between people and technology. We do not advocate
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the use of mobile sensing methods like event detec-
tion in these scenarios. Future studies must collect
data only through transparent and ethical processes
to protect the employee’s data. Moreover, extreme
anomaly detection have higher error rates owing to
its challenging nature. Therefore, having a human-
in-the-loop is a necessity. We discuss two scenarios
of good and bad interventions.
Scenario 1. A recently promoted information
worker is overwhelmed and unable to meet product
goals. A good intervention offers resources for men-
torship and stress management. A bad intervention
gives ultimatums that affect job security.
Scenario 2. An employee recovering from a physical
injury struggles to keep up with their old workload.
A good intervention connects them to an accessbility
expert or counselor to help them with their specific
issues. A bad intervention monitors the employees
performance and puts them on performance review.

7. Conclusion

In this paper, we showed that mobile sensing can ad-
dress the challenging task of detecting rare LEs in-
the-wild. We proposed MTAD, a multi-task frame-
work for life event detection using behavioral sensing
data from mobile phones. MTAD’s use of an auxil-
iary sequence predictor addresses several challenges
like extreme class imbalance (< 2%) and biased re-
construction score. We demonstrated the superior
performance of our approach using a real-world lon-
gitudinal dataset by comparing it with state-of-the-
art baselines. From a human-centered perspective,
MTAD’s effectiveness in personalization without ad-
ditional training, robustness to decay, and balanced
prediction of positive and negative events are desir-
able qualities. Ultimately, we envision our work moti-
vates ubiquitous health-based intervention strategies
through smartphones.
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Mathias Allemand. Emotion regulation, subjective
well-being, and perceived stress in daily life of geri-
atric nurses. Frontiers in psychology, 10:1097, 2019.

Fei Tony Liu, Kai Ming Ting, and Zhi-Hua Zhou.
Isolation forest. In 2008 eighth ieee international
conference on data mining, pages 413–422. IEEE,
2008.

Junshui Ma and Simon Perkins. Time-series novelty
detection using one-class support vector machines.
In Proceedings of the International Joint Confer-
ence on Neural Networks, 2003., volume 3, pages
1741–1745. IEEE, 2003.

Pankaj Malhotra, Anusha Ramakrishnan, Gaurangi
Anand, Lovekesh Vig, Puneet Agarwal, and Gau-
tam Shroff. Lstm-based encoder-decoder for
multi-sensor anomaly detection. arXiv preprint
arXiv:1607.00148, 2016.

Stephen M Mattingly, Julie M Gregg, Pino Audia,
Ayse Elvan Bayraktaroglu, Andrew T Campbell,
Nitesh V Chawla, Vedant Das Swain, Munmun
De Choudhury, Sidney K D’Mello, Anind K Dey,
et al. The tesserae project: Large-scale, longitu-
dinal, in situ, multimodal sensing of information
workers. In Extended Abstracts of the 2019 CHI
Conference on Human Factors in Computing Sys-
tems, pages 1–8, 2019.

Shayan Mirjafari, Kizito Masaba, Ted Grover, We-
ichen Wang, Pino Audia, Andrew T Campbell,
Nitesh V Chawla, Vedant Das Swain, Munmun De
Choudhury, Anind K Dey, et al. Differentiating
higher and lower job performers in the workplace
using mobile sensing. Proceedings of the ACM
on Interactive, Mobile, Wearable and Ubiquitous
Technologies, 3(2):1–24, 2019.

Subigya Nepal, Shayan Mirjafari, Gonzalo J Mar-
tinez, Pino Audia, Aaron Striegel, and Andrew T
Campbell. Detecting job promotion in information
workers using mobile sensing. Proceedings of the
ACM on Interactive, Mobile, Wearable and Ubiq-
uitous Technologies, 4(3):1–28, 2020.

Guansong Pang, Chunhua Shen, Longbing Cao, and
Anton Van Den Hengel. Deep learning for anomaly
detection: A review. ACM Computing Surveys
(CSUR), 54(2):1–38, 2021.

Daehyung Park, Yuuna Hoshi, and Charles C Kemp.
A multimodal anomaly detector for robot-assisted
feeding using an lstm-based variational autoen-
coder. IEEE Robotics and Automation Letters, 3
(3):1544–1551, 2018.

David E Rumelhart, Geoffrey E Hinton, and Ronald J
Williams. Learning internal representations by er-
ror propagation. Technical report, California Univ
San Diego La Jolla Inst for Cognitive Science, 1985.

Vidyasagar Sadhu, Teruhisa Misu, and Dario Pom-
pili. Deep multi-task learning for anomalous driv-
ing detection using can bus scalar sensor data.
In 2019 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS), pages
2038–2043, 2019. doi: 10.1109/IROS40897.2019.
8967753.

Nikolay Shvetsov, Nazar Buzun, and Dmitry V.
Dylov. Unsupervised non-parametric change point
detection in electrocardiography. In 32nd Inter-
national Conference on Scientific and Statistical

290



Life event detection

Database Management, SSDBM 2020, New York,
NY, USA, 2020. Association for Computing Ma-
chinery. ISBN 9781450388146. doi: 10.1145/
3400903.3400917.

Paul E Spector and Suzy Fox. An emotion-centered
model of voluntary work behavior: Some parallels
between counterproductive work behavior and or-
ganizational citizenship behavior. Human resource
management review, 12(2):269–292, 2002.

Nitish Srivastava, Elman Mansimov, and Ruslan
Salakhudinov. Unsupervised learning of video rep-
resentations using lstms. In International confer-
ence on machine learning, pages 843–852. PMLR,
2015.

Andrew Steptoe and Mika Kivimäki. Stress and car-
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Appendix A.

A.1. Implementation details

An open source version of the Tesserae Dataset is
available on request 1, additional data will be re-
leased in the future. All experiments were performed
on an NVIDIA RTX 3070 8 GB laptop GPU. One-
Class Support Vector Machine (OCSVM) and Isola-
tion Forest (IF) were implemented using scikit-learn2,
3. We implemented the deep learning models using
keras and tensorflow. LSTM-ED, LSTM-VAE4, and
DAGMM5 were designed using open source reposito-
ries and articles6. We use the following packages in
our MTAD implementation:

• python == 3.9.7

• numpy == 1.21.3

• scikit-learn == 1.0

• pandas == 1.3.4

• keras == 2.4.3

• tensorflow == 2.5.0

A.2. MTAD hyperparameters

MTAD is trained using the following hyperparame-
ters: epochs = 500; batch size (bs) = 128; Adam
optimizer with a learning rate = 1×10−4. In our im-
plementation, we use window size = 10 for the 29 fea-
tures. We set two early-stopping criteria to prevent

1. https://tesserae.nd.edu/
2. https://scikit-learn.org/stable/modules/

generated/sklearn.svm.OneClassSVM
3. https://scikit-learn.org/stable/modules/

generated/sklearn.ensemble.IsolationForest
4. https://github.com/twairball/keras lstm vae
5. https://github.com/tnakae/DAGMM
6. https://blog.keras.io/building-autoencoders-in-keras.html
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overfitting: (1) if validation loss has not improved in
10 epochs, and (2) if validation loss reaches 0.2. The
reason for criteria (2) is to account for the reduced
data set size when window size is increased. Addi-
tionally, the class weights for the cross-entropy loss
were calculated using the compute sample weight
function from sklearn.utils.class weight.

Table 4: MTAD architecture and parameters
Layer Parameters Output shape

Encoder

LSTM
units=100
activation=relu (bs, 100)
recurrent dropout=0.2

Repeat Vector n=10 (bs, 10, 100)

Decoder

LSTM
units=100 (bs, 10, 100)
activation=relu

Dense units=29 (bs, 10, 29)

Predictor

LSTM
units=100
activation=relu (bs, 10, 100)
recurrent dropout=0.2

Dense
units=8 (bs, 10, 8)
activation=softmax

A.2.1. Hyper-parameters of other models

Here, we list the best parameters obtained from tun-
ing that maximized performance.

One Class SVM. kernel=’rbf’; gamma=0.01;
nu=0.03.

Isolation Forest. n estimators=200 and contami-
nation=0.02

LSTM-ED. We use the same encoder and decoder
architecture and parameters (Table 4) as Task A of
MTAD and train the model for 300 epochs.

LSTM-VAE. Here, our encoder uses an LSTM layer
with units=100 and activation=relu. Next, the latent
representation is computed through a distribution by
sampling. We use two Dense layers with 32 units
for this. And the Repeat Vector function copies the
latent vector 10 times based on the window size. The
decoder uses the same architecture and parameters
as MTAD’s decoder (Table 4).

DAGMM. Compression Network Units: 100 →
50→ 20→ 10; activation=tanh
Estimation Network: 5→ 10→ 2; activation=tanh;
dropout=0.5

We train using the following setup: batch size
= 256, epochs = 9000; learning rate= 0.0001;
lambda1=0.01;lambda2=0.00001

A.3. Demographics

Table 5: Demographic descriptors of participants in
our analysis

Category Count Percentage

Sex
Female 59 46.8%
Male 67 53.2%
Occupation
Architecture and Engineering 16 12.7%
Business and Financial Opera-
tion

28 22.2%

Computer and Mathematical 43 34.1%
Construction and Extraction 1 0.8%
Education, Training, and Li-
brary Services

1 0.8%

Healthcare Practitioners and
Technical Healthcare Occupa-
tions

2 1.6%

Healthcare Support 1 0.8%
Management 13 10.3%
Office and Administrative Sup-
port Occupations

3 2.3%

Production 1 0.8%
Sales and Related Occupations 3 2.3%
Other 14 11.1%
Education
High school degree 1 0.8%
College degree 58 46.0%
Master’s degree 38 30.1%
Doctoral degree 2 1.6%
Some high school 1 0.8%
Some college 14 11.1%
Some graduate school 12 9.5%
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A.4. Decay Constant

Figure 5: Comparing different decay constant values:
(A) F1 score for MTAD (B) F1 score for
MTAD-PT.
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