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In recent years, numerous studies have explored the use of machine
learning algorithms for supporting applications in social and clinical psychology. In particular, there is an increasing prevalence of
smartphone-based techniques for collecting data through embedded sensors and efficient in-situ questionnaires. Models are then
built to explore the patterns between these data types.
In this paper, we study the application of machine learning for
the task of predicting mental states of adverse valence, based on
the Photographic Affect Meter data. We present a technique for
daily aggregation, which is designed to detect significant negative
events. A variety of features is used as input, including GPS-based
metrics and features assessing social interactions, sleep and phone
usage. Experimental evidence is presented, which suggests that
machine learning algorithms could successfully be employed for
such a prediction task.
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INTRODUCTION

Today’s mobile phones and wearables have become highly personal
devices able to assist us in a variety of day-to-day situations. They
feature sophisticated sensors capable of capturing different types of
contextual information such as location, movement, audio environment, proximity to other objects, collocation with other devices and
many others [3, 5, 10, 15]. Recent studies have demonstrated the
potential of exploiting mobile sensing data to learn and, potentially,
predict users’ mood and well-being [1, 4, 11, 12, 21, 23, 25]. Indeed,
smartphones and wearables are increasingly seen as very powerful
tools for research in social and clinical psychology [17]. A variety of
modalities has been used as features for building machine learning
(ML) models for this class of applications. In particular, mobility
data have been shown to be very promising for effectively training
such prediction models [4, 16, 23]. More recent approaches in the
field include the usage of photos-based mood questionnaires and
exploring potential mechanisms for sending feedback to the user
[2, 6, 7, 20].
In this study, we consider the use of the Photographic Affect
Meter (PAM) [19] as a quantitative indicator of users’ mood. PAM
provides an alternative to Likert-scale-based verbal questionnaires
by presenting users with a series of photographs and asking them
to pick the one that best captures their current mood. Being a
simple and quick one-item questionnaire, the PAM test is a good
example of Ecological Momentary Assessment (EMA) [18], whereby
the participants are assessed at opportune moments during their
normal routines, so as to capture more genuine mood phenomena.
Following research on human affect [22, 24], instant mood in the
PAM inventory is conceptualized as a two-dimensional phenomenon characterized by “valence”, or quality of feeling, and “arousal”,
or degree of activation. A range of values for these two independent
dimensions is considered possible, forming a two-dimensional grid.
In particular, valence can be positive or negative, indicating the
quality of feeling, and arousal can be high or low, indicating the
level of energy. A four-by-four grid is used in the PAM inventory
to cover this space. Figure 1 (a) provides an illustration of the PAM
questionnaire, with the 16 photos arranged on the grid. Figure 1
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(b) is a response histogram for our dataset, with the valence and
arousal dimensions explicitly labelled.
We decompose the PAM score, focusing on the valence dimension only, and develop a measure for assessing daily well-being,
termed the Adverse Valence Index (AV index). The aim of the analysis presented in this work is to predict the value of the AV index
for a particular user on a specific day, using a variety of daily input
features. To evaluate our approach, we use the public version of
the StudentLife dataset [26] that contains rich multimodal data,
collected about 49 student participants over >10 weeks, covering
a single academic term at Dartmouth College. The dataset offers
information related to a variety of dimensions such as physical
activity, mobility, social interactions, phone usage and others. In
this study, both self-reported and objectively measured data types
are harnessed to form the set of features.
Three popular ML models are then trained on the dataset to show
modest evidence of learning despite the limited size of data, the
complexity of the learning task, and numerous potential sources
of noise. An additional contribution of this work consists in the
proposal for a time-frame that should be chosen for the calculation
of the features, given the fact that PAM is a testing tool concerned
with instant mood.

2

(a)

THE PAM DATASET

The StudentLife dataset contains ∼9000 individual PAM responses,
with the PAM questionnaire being sent to students typically 1-5
times per day. The photos the recipients receive (chosen from a
curated set) are always arranged within the two-dimensional grid
of valence and arousal, each measured on a scale of 4 units. As
the first step in our procedure for daily aggregation, the variation
in per-user reporting baseline is considered. Figure 1 (c) plots the
mean reported arousal and valence per participant, together with
error bars of 2 standard deviation (2σ ) total length, with the scores
translated to a 0-4 scale for clarity of presentation. It is observed
that participants vary noticeably in terms of the average valence
and arousal they report.
We consider the valence dimension to be the more relevant
one for health applications. Previous work [16] has demonstrated
the potential for treating the stress level prediction problem as a
three-class classification task, based on the per-user median level
of stress. In our case, such a transformation yields a very peaked
distribution (>60% weight in the middle category) that is difficult
to model. Instead, we convert the problem into a two-class classification task by introducing the AV index. Designed specifically to
indicate adversely negative mental events, which we think is the
most clinically important aspect of the PAM score, the AV index is
defined to equal 1 for days with at least one below-1σ valence report
and 0 otherwise. A fractional AV index value can be interpreted as
the probability of a user encountering adverse valence (AV) on a
particular day. It is worth noting that even a single strongly negative
AV experience can potentially have a lingering quality, affecting
the user over the time-frame of the day. With this transformation,
the dataset is balanced, with the AV index equalling 1 in ∼60% of
the cases. For 3 users, even the lowest valence score is within the
1σ range; they are excluded from the analysis.

(b)

(c)

Figure 1: (a) A sample instance of the PAM questionnaire
on a participant’s phone screen. Reproduced with permission from the creators of the PAM test [19]. (b) A histogram
of the PAM responses found in the StudentLife dataset [26].
Both the valence and the arousal dimensions are shown. (c)
Plotting the per-user mean valence and arousal, along with
error bars of 2 standard deviation total length.
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Another important measure of psychological well-being to be
found in the StudentLife dataset is students’ reports on their level
of stress on a 5-item Likert scale (∼2000 in total). Given the relative
novelty of PAM, it is interesting to link these two types of mood
reporting to offer further insight into the PAM inventory. Following
previous research [16], the stress reports are considered after peruser median subtraction, grouping them into three classes. For each
user’s stress responses, we search for any PAM reports occurring
within the same clock hour, averaging in the case that several
responses are retrieved. Figure 2 shows the results of this analysis.
Stress is generally interpreted to be a mental state of negative
valence and high arousal. The prevalence of PAM responses in
the top-right quadrant for the case of above-median stress gives
support to this.
Considering the results presented in Figure 1(b), it appears that
adverse valence in this particular dataset would typically be a higharousal, stress-like state, rather than a low-arousal state more suggestive of depression. Moreover, the PAM response that occurs most
often is a tile associated with anger or annoyance. It is interesting to
note that even in low-stress situations this tile has the highest rate
of response (see Figure 2). We were not able to collect any evidence
for explaining this result. A possible, yet unproven, hypothesis is
that students would simply report dislike towards being interrupted
by the PAM questionnaire. If true, this would represent a source of
noise in the PAM inventory that would need addressing in future
research.

3

APPROACH

Taking the day as the unit of time, features of different kinds are
aggregated for the task of AV index prediction. Based on the recent
literature [4, 13, 14], we add 7 GPS-based metrics: 1) total distance
covered, 2) maximum 2-point separation, 3) number of different
places visited by per-user tiled area grid approximation, 4) difference in sequence of tiles covered, compared to previous day, 5)
distance entropy, 6) number of non-routine clusters visited, 7) time
spent on non-routine tiles. A selection has been made from the
features proposed in previous studies in order to retain the metrics that least correlate with one another. The calculation of these
metrics follows the steps outlined in the publications cited. We use
a 50-metre radius for the DBSCAN clustering algorithm to obtain
routine clusters for individuals, and tiles of area 700m2 are used for
the tiles approximation.
The self-reported corpus of the StudentLife dataset is made use
of for features about sociability and sleep. These features include:
8) number of people the user has been in contact with on the
day (face-to-face, phone, internet), 9) hours slept, 10) quality of
sleep. Moreover, the objective sensing data are used to obtain: 11)
total duration of conversations recorded on the day, 12) number of
conversations registered by the sensors on the day 13) total duration
for which the mobile phone has been locked for significant periods
(>1 hour), 14) number of significant (>1 hour) phone lock periods.
Features 8-14 are chosen as easily interpretable factors under the
participant’s own control. Other potentially interesting features in
the dataset, such as self-reported exercise time and walking time,
have been omitted due to lower response rates.

Figure 2: Linking the students’ PAM responses to their stress
EMAs within the same hour. The Likert scale stress responses have been re-classified after per-user median subtraction.
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(a)

(b)

Figure 3: (a) Scatter plot matrix for the seven GPS-based features (features 1-7), after per-user normalization. (b) Scatter plot
matrix for the seven actionable features (features 8-14), after per-user normalization. To illustrate temporary variation, the
day of response is included as the final row/column in both panels.
An illustration of these features and their relationships, after
per-user standardization, is provided in Figure 3 and also in the
Appendix, where numeric pairwise correlation figures are given.
It is interesting to note, for example, that sleep quality correlates
negatively with sleep duration, and that self-reported sociability
(feature 8) shows little correlation with the objective conversationsrelated features (features 11, 12). The day of response has been
added as a “feature” here to illustrate patterns of temporary evolution. For example, there appears to be a pattern of increase in phone
usage with time. As the term progresses, students also appear to be
spending less time on conversations. All the GPS metrics indicate
a small but consistently negative correlation with the day of the
term.
A slight decrease in the average AV index with progressing
weeks can also be noticed in the dataset, which is likely to be
related to the dynamics of the academic term [26]. Accordingly,
we introduce a temporal feature: 15) one-hot indicator for the first
half of the term. No major variation is found between weekdays
and weekends. Finally, to go beyond the treatment of each day’s
mood as an independent event, we add the user’s AV index from
the previous day and that of the day before as two more features.
Consequently, in our analysis, 17 features in total are explored.
Assuming perfect sensor functioning and user responsiveness,
collecting daily readings from 49 users over slightly more than 10
weeks would result in a dataset of ∼3500 points. Because of excluding some of the users and due to the sparse nature of some of the
measurement types, we are able to construct a dataset of <1600

points. In merging the different feature types, missing entries have
sometimes been replaced with the population mean (0 for standardised features, 0.6 for previous days’ AV index). There is a trade-off
between being able to build a larger dataset, on the one hand, and
introducing too much noise, on the other, by “interpolating" the
data as described. However, given the uneven nature of datasets
involving human participants, the deployment of some technique
for interpolation, at least in parts, seems almost unavoidable.

4

EVALUATION

The results of our experimental evaluation are now presented. We
use three algorithms of increasing complexity: logistic regression,
the linear support vector classifier and a neural network model to
explore non-linear dependencies. All three models are compared
against the baseline of a features-blind classifier.
The logistic regression model and the linear support vector classifier are implemented and trained using standard packages in Scikitlearn. In the case of the support vector classifier, an optimization of
validation accuracy with respect to the penalty parameter C used
by Scikit-learn is performed. As far as the neural network model is
concerned, we build a network made of 2 fully-connected hidden
layers in addition to the input and output layers. The two hidden
layers are made of 50 nodes each and use the tanh activation function, batch normalization, and drop-out regularization of rate 0.3.
The output layer uses the so f tmax activation function, with batch
normalization applied, and has two output nodes corresponding to
the two values of the AV index. It is found with the current dataset
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Table 1: Performance metrics for modelling the AV index

Accuracy
Precision
Recall

Mode classifier

Neural network

Linear SVC

Logistic regression

0.57
0.57
1

0.66(2)
0.67(1)
0.81(4)

0.66(2)
0.68(1)
0.74(3)

0.66(2)
0.69(2)
0.76(4)

that a range of neural-network architectures (varying the number
of layers and the number of nodes) yields a similar result. In addition to drop-out regularization, early stopping is employed (setting
patience = 4), based on the validation loss. The network is trained
using categorical cross-entropy loss and the Adam optimizer [9].
Table 1 presents the results of the prediction task using our ML
models. Given the balanced nature of the two classes, accuracy is
treated as the main performance metric. We employ a stratified
5-fold split for performance evaluation and the results in Table 1
provide the 1σ error computed across the folds. As the baseline, the
“Mode classifier" is used, which guesses the most frequent category
(AV index of 1) irrespective of the input feature values.
As seen in Table 1, all three ML models show similar performance,
outperforming the Mode classifier baseline and showing modest
evidence of learning. Given the limited amount of data (<1600
points), the fact that the neural network is unable to outperform
the more basic models is not surprising. Rather, it offers evidence
that appropriate regularisation has been deployed.
So far as judgements on the relative importance of the feature
types can be made, we find tentative evidence, by experimenting
with feature removal, of the temporal features (features 15-17) being
the most important in our prediction task, with the GPS metrics (features 1-7) and the actionable features (features 8-14) sharing a joint
second place. One possible explanation could be that the effects
due to the temporal features are less affected by user heterogeneity
and therefore less likely to be averaged out when many individuals are considered in a single dataset. These are early hypotheses,
however, which would need further justification in the context of
larger datasets and perhaps also more personalised models [8].
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We have presented an evaluation of the use of ML algorithms for
predicting the Adverse Valence Index (AV index), as derived from
the Photographic Affect Meter, using a variety of behavioural and
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ML algorithms for such a prediction task have been discussed.
The findings presented in this study add to the evidence that
information elicited from mobile phones can be exploited to predict
human mental state. We hope that our work would encourage
further research in social and behavioural science.
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f.2
f.3
f.4
f.5
f.6
f.7
day

f.1

f.2

f.3

f.4

f.5

f.6

f.7

0.77
0.58
0.14
0.59
0.44
0.32
-0.09

0.40
0.13
0.53
0.28
0.24
-0.07

0.14
0.31
0.63
0.40
-0.14

0.06
0.15
0.28
-0.03

0.22
0.18
-0.02

0.66
-0.10

-0.10

Actionable features, N = 2401:

f.9
f.10
f.11
f.12
f.13
f.14
day

CORRELATION MATRICES
The tables below report the pairwise Spearman coefficients of correlation for a selection of features. The feature definitions are given
in the text.
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f.8

f.9

f.10

f.11

f.12

f.13

f.14

-0.01
0.01
0.07
0.03
0.00
0.00
-0.02

-0.33
-0.06
-0.04
-0.03
-0.06
0.06

0.01
-0.00
-0.01
-0.03
0.01

0.53
0.09
0.15
-0.12

0.08
0.09
0.01

0.71
-0.12

-0.18

