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Personality Trait Recognition Based on
Smartphone Typing Characteristics in the Wild
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Abstract—As governed by personality trait theory, humans tackle problems differently depending on their long-term behavioral
characteristics. Computational awareness of personality traits fuels affective computing research, which investigates how to reliably
recognize and utilize personality traits. Applications are diverse, including therapy monitoring, learning assistance, and recommender
systems. Data-driven approaches are a promising path forward towards personality-aware human-computer interactions. Thereby, central
challenges are the non-disruptive data acquisition, the time frame over which data must be collected before predictions become accurate,
and the feature-centered data reduction to train reliable and lightweight machine learning models. In this work, we address these
challenges by presenting a fully-automatic feature extraction and machine learning pipeline that makes accurate personality trait
predictions for the widely-used Five Factor Model from passively-collected, short-term smartphone typing data collected from 76
participants (68 university students) in the wild. Our model allows for personality trait assessments after one day of data collection,
demonstrating that, despite being a long-term behavioral trend, personality traits can be inferred accurately from shorter time periods. We
demonstrate that our system can accurately predict personality traits on two levels (low and high) with up to 74.5% accuracy and 0.72
AUC for a single day, and up to 84.5% accuracy and 0.79 AUC after subsequent refinement over 10 weeks.

Index Terms—Classification, Affective Computing, Machine Learning, Smartphone Typing Data, Personality Traits.
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1 INTRODUCTION

P ERSONALITY trait theory is a field of psychology that
emerged in the 1920s and tries to explain the individual

differences in human behavior when experiencing or coping
with different situations [1]. It claims an individual’s person-
ality to consist of a set of traits, each differing in intensity
and revealing certain behavioral characteristics such as the
tendencies to think, feel and behave in a certain way [2], [3],
[4]. In contrast to emotions (i.e., characteristics that greatly
vary in the short term), and except for a natural drift over the
years [5], [6], personality traits remain relatively stable over
decades and are therefore suited to represent a person’s long
term behavioral characteristics [7]. Knowledge of personality
traits can be leveraged in several domains. For example,
in context-aware recommender systems, suggestions be-
come more accurate if the intensity of users’ personality
traits is taken into account [8], [9], because personality
traits are connected to people’s entertainment interests and
preferences [10], [11]. Furthermore, in therapeutic settings,
negatively connoted personality facets (unique aspects of the
broader personality traits [12]) or facets that hinder people in
their everyday lives can be changed by regularly attending
coaching sessions or psychological therapy while tracking the
progress over time and being in agreement with the therapist
about changing the facets [13]. Despite concerns [14], [15],
personality traits are also used in personnel recruitment for
screening candidates based on how well their personality
traits fit the personality of interest according to the com-
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pany’s needs [16], [17]. Finally, personality traits can be used
in adaptive learning environments to improve the learning
gain [18].

Personality traits are often described in terms of the Five
Factor Model [19], [20], [21], [22], which quantifies person-
ality as a combination of five traits: openness to experience,
conscientiousness, extraversion, agreeableness and neuroticism
(OCEAN). Typically, pen-and-paper tests are used to assess
personality traits [23], [24], [25], [26]. As with all tests
that include subjective components, scores can be distorted
through dishonest answers, which generally limits their suit-
ability [27], [28]. Distortion can even be subconscious through
self-deception phenomena where candidates lack objectivity
when assessing their own personality characteristics [29],
[30]. To overcome the shortcomings of subjective assessments,
personality traits have been automatically recognized using
objective and reliable tracking modalities. For example,
several studies have investigated how smartphone usage
patterns relate to personality traits [31], [32], [33], [34],
leveraging today’s ubiquity of smartphones as an integral
part of our everyday lives, which produce vast amounts of
data [35]. However, missing validation of their findings in
the wild [31], [34] and substantially long inference times
of multiple weeks [33], [36] make the proposed methods
unsuitable for integration into personality-aware systems
that operate on short-term data.

In this work, we present a novel method for inferring the
personality traits of the Five Factor Model from typing events
on commodity smartphones. We chose this input modality,
since a majority of the smartphone usage time is attributed
to conversational apps that include typing [35], and typing
data can be collected passively. Based on an in-the-wild data
acquisition study [37] with smartphone typing data from
76 participants collected over 10 weeks that was annotated
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with the personality traits from the Five Factor Model, we
introduce a fully automated technique for extracting and
selecting relevant typing patterns and characteristics that
does not require manual feature engineering. We incorporate
our model into an aggregation scheme that refines and
improves the model performance over time by leveraging
previous predictions.

Using typing characteristics of one day, our system
predicts personality traits on two levels (below or above
the population median) with an accuracy of up to 74.5%
and up to 0.72 AUC. After subsequent refinement of pre-
vious predictions over 10 weeks, our model reaches up
to 84.5% accuracy and up to 0.79 AUC. Furthermore, our
analysis reveals that stable personality trait predictions can
be obtained after 10 days of data collection. We found that
the most predictive features varied across traits, indicating
that different patterns are relevant for each personality
trait. In contrast to current inference models, our model
leverages short-time characteristics and therefore allows for
a much faster personality assessment including the tracking
of personality trait drift over time, which constitutes an
important step towards a deployment in personality-aware
systems where only short-term data is available. In summary,
we make the following three contributions:

• We infer the personality traits of the Five Factor Model
from in-the-wild smartphone data by leveraging short-
term typing characteristics.

• We present a novel, fully automated feature extraction
and selection pipeline without the need for manual
feature engineering.

• We improve the model performance by aggregating
previous predictions over time.

2 RELATED WORK

2.1 Pen-and-Paper Personality Assessment

The first use of large-scale personality tests in Europe was
the Woodworth Personal Data Sheet (WPDS) [26], introduced
before World War II, that assessed a military recruit’s emo-
tional stability without the need of a professional psychiatric
evaluation, but rather with an easy, fast and cheap pen-and-
paper test. In the following years, the systematic assessment
and investigation of human behavioral characteristics was
increasingly brought into focus, which spurred researchers
to introduce various testing schemes assessing different sets
of personality traits [38]. One of the personality tests that
assesses the personality using the Five Factor Model is the
Big Five Inventory (BFI) [2], which consists of 44 statements
(8 to 10 statements per trait) rated on a 5-point Likert scale,
indicating the strength of agreement with the statement. The
ratings are aggregated into an intensity score per personality
trait, resulting in a 5-tuple that represents the final personality
model. The BFI was later improved, which yielded the Big
Five Inventory 2 (BFI-2) [23]. The BFI-2 lifted some limitations
of the BFI. In particular, the number of statements was
increased to 60 (i.e., the same number of statements for each
personality trait). Furthermore, the statements were revised
and adapted by psychologists and linguists in order to make
the statements more understandable and easier to interpret,
which in turn allowed the BFI-2 to be easily translated

into multiple languages. This enabled the investigation of
cultural differences around the world and turned the BFI-2
into a tool that allows language-independent comparisons
across multiple studies [39]. Variants of this test include the
NEO-PI-R questionnaire [40] (240 statements), the NEO-FFI
questionnaire [24] (a short version of the NEO-PI-R with 60
statements) and the TIPI questionnaire [25] (10 statements).

2.2 Automatic Personality Trait Prediction
The field of personality computing has gained a lot of interest
in recent years. Thereby, researchers tie methodologies from
computer science and psychology together to drive forward
the automatic assessment, perception, and recognition of
human personality [41], [42]. Inferring personality traits is
achieved through various modalities. For example, Suen et
al. [43]predicted personality traits from facial video input
obtained from job interviews. Carbonneau et al. [44] inferred
speaker personality by analyzing spectrograms from speech.
Zhao et al. [45] used motion patterns from computer mouse
operations to detect personality. Subramnian et al. [46],
Li et al. [47], and Zhao et al. [48] used biosensor signals
for recognizing personality traits. Another line of research
recognized personality traits from social media activity [49],
[50], [51], [52]. Furthermore, several studies [31], [32], [33],
[34], [36] showed a connection between smartphone-captured
data and personality traits by leveraging the increasing
importance of smartphones in people’s everyday lives and
the extensive amount of data they produce on a daily
basis [35]. Both binary classification (using the population
median as a separation margin) [31], [32], [33], [36] and
regression [34] have been investigated in the past for inferring
the personality traits of the Five Factor Model. However, the
results suggest that binary classification is already a hard
problem since all mentioned methods achieved rather low
performance for two-class classification. In the following, we
introduce models relying on different tracking modalities in
more detail.

2.2.1 Touch-based Input
Küster et al. [31] presented a touch-based method based on
recorded touch interactions while users played a spelling
game on a tablet during multiple sessions of around 50
minutes. From the touch data, several features such as swipe
speed and touch frequency were computed. To obtain labels,
the participants filled in the NEO-FFI questionnaire [24].
Different classifiers such as support vector machines (SVMs),
random forests and logistic regression were trained on
the data and achieved a classification accuracy of up to
67% (extraversion), suggesting that touch-based features
are predictive for an individual’s personality. However, this
approach is unpractical for repetitive long-term personality
tracking because of the required additional user effort,
and it is unclear if the findings extend to externally valid
assessments of larger cohorts and over a longer period of
time in the wild.

2.2.2 Context-based Input
Chittaranjan et al. [33] used context-related data extracted
from application usage, Bluetooth and phone logs, and SMS
in order to infer the personality traits. The dataset was
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collected in the wild during eight months and was aggre-
gated on a monthly level. From the aggregated data, several
features were computed (e.g., call durations, frequency of
Bluetooth and application usage, message length and their
statistical derivatives). The TIPI questionnaire [25] was used
for obtaining the labels. Using an SVM classifier, an accuracy
of up to 75.9% (extraversion) was achieved. In a follow-up
data collection [36], the dataset was increased to 17 months of
data and multiple features were added. The revised method
achieved an F1-score of up to 0.77 (extraversion). However,
the long data collection time impedes a direct integration
into personality-aware systems that have only short-term
data available, and it is unclear how shorter data collection
windows would influence the performance.

3 DATASET

3.1 Data Acquisition

We use a subset of the data collected in a previous work [37]
where an experiment with 82 participants (43 female, 39
male) was conducted to collect smartphone typing and
context data in the wild. he data collection was approved
by the ethics board of ETH Zurich (EK 2020-N-60). On
average, participants engaged in the experiment for 72
days (standard deviation SD = 2 days). The participants
were between 18 and 43 years old (mean = 23.0 years,
SD = 3.64 years). Seventy-seven of the participants were
enrolled in different universities (61 bachelor, 13 master, 3
Ph.D. students). All participants were required to install an
Android application on their smartphones, which collected
activity records such as application usage logs, screen time
and time zone changes for validational purposes. The typing
events were recorded using a custom keyboard shipped
with the Android application (see Figure 1). As part of the
ethics approval, only touch coordinates and the associated
timestamps were recorded. Although the keystrokes were not
explicitly stored, they could easily be deciphered. Therefore,
a private mode, depicted as a lock on the keyboard top
bar, allowed the users to temporarily deactivate the data
collection manually at any time to increase user privacy.
Furthermore, the private mode was automatically enabled
based on the field of entry (e.g., password, e-mail, and
numbers). Over the entire study, the private mode was
activated 56 times (SD = 47) on average per user. In total, 7.6%
were manual activations (SD = 11.6%). The app bundled the
collected data and sent it periodically to a server whenever
the phone was connected to WiFi or when the participants
manually synchronized with the server via mobile data. The
dataset was annotated with the personality traits of the Five
Factor Model by requiring all users to fill in a German version
of the Big Five Inventory 2 (BFI-2) questionnaire [23], [53].
Both the English [23]and the German [53]version of the BFI-2
show a high internal reliability (Cronbach’s itemized alpha
coefficient of up to 0.87 and 0.88, respectively). To enable
data validation, the questionnaire was filled in before and
after the data collection study.

3.2 Data Evaluation and Validation

We aggregated the personality trait scores of each participant
using the mean score of the questionnaires and grouped them

(a) (b)

Fig. 1. The custom keyboard used during the data collection. The
keyboard can be used in normal mode (a), and private mode visualized
by a purple bar (b), where data collection is disabled.
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Fig. 2. The average personality trait scores from the BFI-2 over 76
participants on the range [1, 5] grouped by personality trait: openness to
experience (O), conscientiousness (C), extraversion (E), agreeableness
(A), and neuroticism (N).

by personality trait (see Figure 2). The individual scores are
widely spread over the range [1, 5] and the average scores
are similar to related findings by Schmitt et al. [39] where
geographical differences were investigated (see Table 1). The
bias for neuroticism (0.41 compared to the western Europe
mean) can be explained with our population being skewed
towards student participants and students’ academic per-
formance being negatively correlated with neuroticism [54].
An analysis of the frequency of special characters (i.e., space
bar, backspace, and punctuation characters) revealed that
the touch frequencies are uniformly distributed over the
course of the study (relative entropy of 0.042, SD = 0.003 with
respect to the uniform distribution). There were no significant
correlations between special characters and personality traits.
Alphanumeric characters were not further analyzed due to
restrictions from the ethics board (see Section 3.1).

3.3 Exclusion of Participants
Initially, eighty-two participants completed the experiment.
Six of them were excluded during the data evaluation and
validation process. In particular, two participants were ex-
cluded because they did not fill in the second personality test,
hence their scores could not be validated. Three participants
were excluded because they showed a high discrepancy
between the two test results for one or more traits. The
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Fig. 3. Visualization of the main steps in our pipeline consisting of the preprocessing and feature extraction of the typing data (blue), the evaluation
of the OCEAN model using the BFI-2 questionnaire (purple), and the feature selection pipeline (green), which feeds one selected feature set per
personality trait into the classification model (black).

TABLE 1
Mean personality traits from our dataset compared to the global mean
and western Europe mean from Schmitt et al. [39] in the range [1, 5] for
openness to experience (O), conscientiousness (C), extraversion (E),
agreeableness (A), and neuroticism (N). For our dataset, the standard

deviations are shown in brackets.

Our Dataset World Western Europe

O 3.79 (0.59) 3.64 3.71

C 3.58 (0.68) 3.52 3.39

E 3.42 (0.72) 3.34 3.38

A 3.92 (0.56) 3.69 3.56

N 2.58 (0.58) 3.01 2.99

corresponding threshold was set at 20% because the 5-point
Likert scale used in the BFI-2 induces a discretization error of
12.5%, and intentional personality changes of up to 20% per
facet (i.e., approximately 4% per trait) are achievable through
mental coaching [13], which amounts to approximately 16.5%
and was rounded up to 20% as a tolerance margin. The
absolute discrepancy between the two test results (before
and after the data collection) was on average 5.7% (SD =
4.5%) for openness, 5.6% (SD = 4.6%) for conscientiousness,
5.9% (SD = 4%) for extraversion, 5.6% (SD = 4.2%) for
agreeableness, and 7.6% (SD = 6.2%) for neuroticism. One
participant was excluded because of non-monotonically
increasing timestamps, which is an indicator for corrupted
timestamp values. Hence, the final dataset consisted of 76
users.

4 METHODOLOGY

The automatic prediction of personality traits from short-
term information is fruitful for many applications, yet it
is coupled to challenging demands: the data collection
should not be disruptive, and derived feature descriptors
should be rich enough for accurate data-driven predictions
from only short time spans of data. Our approach to this
problem is illustrated in Figure 3. As we follow a data-
driven approach, a cohort of 76 test subjects first completed
a BFI-2 questionnaire to determine a classification label for
each personality trait of the OCEAN model (purple branch
in Figure 3). To meet the non-disruption constraints, we

utilized daily smartphone usage data passively collected
from the participants over a course of 10 weeks (blue
branch in Figure 3). Since a substantial part of the overall
smartphone usage time can be attributed to conversational
applications [35], we focused on typing data. From the typing
data, we automatically extracted more than 5,000 feature
descriptors. In order to derive a small yet rich set of features
to be used at inference time, we subsequently reduce the
feature descriptors in a two-stage process, including linear
and non-linear correlation metrics (green branch in Figure 3).
The resulting feature sets are optimized per personality
trait, contain about two dozen features, and are used to
train a support vector machine (black branch in Figure 3),
aiming to predict the corresponding label. At inference time,
only the reduced feature set is needed to infer personality
traits. In the following subsections, we elaborate on the data
preprocessing, feature extraction, feature selection and model
training.

4.1 Data Preprocessing

Due to the physiologically inherent circadian rhythm [55],
the typing time series naturally align on a daily time scale.
Its smallest unit is a day, which results in 5472 sample points
(72 days on average times 76 users), which proved to be
a sufficiently long time frame to collect information from
which behavioral patterns can be extracted [56]. Therefore,
we first aligned all collected Unix timestamps to the correct
time zones using the time zone change logs collected during
the study because users may have switched time zones (e.g.,
holidays, business trips, and altering the phone settings).
Then, all timestamps were normalized to the range [0, 1]
where 0 indicates the start of a day and 1 indicates the end
of a day. Phone usage heatmaps revealed that a cut-off at
4 a.m. is the most suitable threshold for the start and end
of a day since many users were still active after midnight.
In a next step, the Google PlayStore was crawled to obtain
category information for all apps the participants used over
the course of the study. Only touch events that occurred in the
scope of a conversation app (e.g., WhatsApp, Telegram, and
Viber) or other apps that allowed typing (e.g., browsers and
notepads) were kept. Then, all touch events that exceeded the
bounds of the custom keyboard (e.g., when scrolling through
chat messages or when the keyboard was not shown) were
removed. In a last step, the remaining touch events were
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normalized to the range [0, 1] × [0, 1] based on the screen
orientation and resolution, and the keyboard size to ensure
comparability across participants.

4.2 Feature Extraction

Since our typing data is timestamped, it can be considered
as a time series of N typing events where the timestamp
t = [ti]i=1,...,N represents the time axis, and x = [xi]i=1,...,N

and y = [yi]i=1,...,N represent the x-coordinates and y-
coordinates of the typing events, respectively. We used
the Feature Extraction Based On Scalable Hypothesis Tests
(FRESH) algorithm by Christ et al. [57], which extracts
various features and their statistical derivatives from time
series and offers a variety of statistical significance tests
based on which the features can be filtered. The multiple
tests problem that arises when a high number of such
statistical tests is conducted, is tackled by controlling the false
discovery rate using the Benjamini-Yekutieli procedure [58].
The algorithm is available as part of the Python package
tsfresh [59], which offers 63 features and a set of recom-
mended default parameter settings for each, resulting in 794
features. We extracted all features with all recommended
default parameters for all seven higher-order features from
Table 2 (5558 features in total). For an exhaustive list of all
available features and their parameter sets, we refer to the
official documentation [59].

Since the FRESH algorithm does not consider combi-
nations of time series, but extracts the features over each
time series separately, we additionally formed higher-order
features using the following combinations: The pairwise
sum of the touch coordinates, the elapsed time between two
consecutive typing events, the Euclidean distance between
two typing events and the resulting typing speed measuring
the distance between two consecutive typing events per
elapsed time (see Table 2 for the definitions). Thus, the
features are extracted over a total of seven time series
separately, which all have been previously normalized to
the range [0, 1] using min-max normalization.

4.3 Feature Selection

Selecting informative features reduces noise, and can thus
improve model performance [60], while also positively
influencing the run time since the number of features is
decreased. In the following, we present our individual feature
selection steps as depicted in the green branch of Figure 3 in
more detail.

4.3.1 Preprocessing

In a first step, all constant features (i.e., features that are
identical for all users) are removed since they contain no
discriminative information and increase training time. Then,
features with missing values or not-a-number (NaN) values
are dropped, which decreases the feature space by 7.8%
from 5558 to 5128 features. In a final step, the feature space
was scaled using min-max-normalization since normalizing
the feature space can have a positive impact on the model
performance in various classification tasks [60], [61].

TABLE 2
Overview of input features and derived higher-order features used in the
feature extraction process and their definitions in terms of time series

with N time steps.

Input Feature Definition as Time Series

x-Coordinate x = [xi]i=1,...,N

y-Coordinate y = [yi]i=1,...,N

Day-Timestamp t = [ti]i=1,...,N

Higher-order Feature Definition as Time Series

Sum of x and y sum(x, y) = [xi + yi]i=1,...,N

Elapsed Time elapsed(t) = [ti+1 − ti]i=1,...,N−1

Euclidean Distance distance(x, y) =
[√

x2i + y2i

]
i=1,...,N

Typing Speed speed(x, y, t) =
distance(x, y)

elapsed(t)

TABLE 3
Number of occurrences of each input feature and higher-order feature in
the final feature sets averaged over 10 random splits (standard deviation
is given in brackets) for openness to experience (O), conscientiousness

(C), extraversion (E), agreeableness (A), and neuroticism (N).

O C E A N

Ti
m

e-
ba

se
d DayTimestamp 3.4 (1.7) 4.5 (1.4) 1.2 (0.4) 0.0 (0.0) 1.0 (0.0)

Typing Speed 3.3 (2.5) 7.2 (1.0) 20.7 (2.1) 3.7 (1.6) 1.0 (0.0)

Elapsed Time 4.2 (2.1) 7.8 (1.4) 5.8 (0.7) 1.7 (0.5) 2.0 (0.0)

Po
si

ti
on

-b
as

ed

Eucl. Distance 1.7 (0.7) 5.6 (2.1) 7.5 (1.9) 1.9 (0.5) 6.9 (1.4)

x-Coordinate 4.2 (2.0) 11.6 (2.9) 6.5 (0.9) 11.4 (2.5) 8.6 (1.5)

y-Coordinate 8.8 (2.4) 10.2 (1.1) 1.0 (0.0) 2.0 (1.1) 9.3 (0.9)

Sum of x and y 4.5 (2.7) 1.2 (0.4) 1.0 (0.0) 1.1 (0.3) 10.8 (1.5)

Total No. of Features 28.3 (11.7) 50.1 (5.7) 43.9 (3.4) 22.4 (5.5) 38.7 (3.8)

4.3.2 Built-in Feature Selection

The tsfresh package also offers built-in feature selection based
on significance tests as part of the FRESH algorithm [57].
By default, a Mann-Whitney U-test [62] between the feature
and the target variable (in this case the personality traits) is
performed on the 95% level, and only statistically relevant
features are kept. Since this step depends on the currently
considered personality trait and therefore the set of informa-
tive features per trait might not be congruent, the built-in
feature selection is repeated for all personality traits. Many
features in the FRESH algorithm are parameterized and
potentially similar, hence the problem of multicollinearity
can arise, where many highly correlated features introduce
a bias because the model attributes too much weight to this
group of features.

To tackle the problem of multicollinearity, we combined
the built-in feature selection with a correlation-based filtering
approach as follows: first, pairwise Spearman correlation
coefficients are calculated for all remaining features. Because
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of the presence of ordinal features, the Spearman correlation
coefficient is preferred over the Pearson correlation coeffi-
cient. Next, for each pair where the correlation coefficient
exceeds a threshold t, the feature with higher p-value
from the previous Mann-Whitney U-test is dropped. Since
the notion of high correlation is not general but domain-
and problem-specific, we used a conservative threshold of
|t| > 0.8 for the filtering. On average, the feature space was
decreased by 78.6% (SD = 6.8%) using these feature selection
steps, resulting in 794 (SD = 17) features for openness,
1239 (SD = 79) for conscientiousness, 1788 (SD = 37) for
extraversion, 628 (SD = 25) for agreeableness, and 1238 (SD
= 185) for neuroticism on average over 10 random splits, see
Table 3.

4.3.3 Linear and Non-linear Correlation Metrics
To further decrease the number of features and separate in-
formative from uninformative features, we use two powerful
approaches that have proven to be helpful in the context
of feature selection in the past [63], [64]. First, we compute
ANOVA F-statistics over the feature space and the target
variable as suggested by Chen et al. [63], whereby a high F-
score indicates a linear relationship between the feature and
the target variable. Simultaneously, we use an information-
theoretic approach introduced by Cover et al. [64] and
compute the Mutual Information (MI) between the features
and the target variable. Here, a high MI indicates a non-linear
relationship between the feature and the personality trait.
The cut-offs for the two methods are selected empirically
by plotting potential cut-off values against the number of
features whose scores (i.e., F-scores and MI) surpass the
cut-off, and then setting the cut-off at the beginning of the
resulting knee in the plot (see Figure 4). For all personality
traits, the cut-off was one standard deviation above the mean
(± 0.25 standard deviations). The two feature sets are then
intersected (see green branch in Figure 3). In the end, 28.3
(SD = 11.7) features were selected for openness, 50.1 (SD =
5.7) for conscientiousness, 43.9 (SD = 3.4) for extraversion,
22.4 (SD = 5.5) for agreeableness, and 38.7 (SD = 3.8) for
neuroticism on average over ten randomly generated splits,
see Table 3.

4.4 Model Training
We generated ten randomly sampled and disjoint training-
validation-test splits (70% training, 20% validation, 10% test).
Stratification was used to ensure comparable split sizes.
For each split, we extracted the relevant features on the
training set using the feature extraction and selection process
described before. We then trained an SVM classifier with
an RBF kernel on each of the training sets and evaluated
the model performance on the corresponding validation sets
using the previously extracted set of features. We used boot-
strap aggregation (bagging) to increase the model stability.
The hyperparameters were tuned using Optuna [65], an
optimization framework that tests different hyperparameter
sets while optimizing a given objective function. We used
the area under the receiver operating characteristic curve
(AUC) as the objective function and for assessing the model
performance (random level = 0.5). In contrast to accuracy,
AUC is not affected by class imbalance. Since the optimiza-
tion problem might not be convex, Optuna can run into a
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Fig. 4. Example of the empirical threshold for openness on the mutual
information. The x-axis denotes the number of standard deviations
σ above the mean µ. The threshold is chosen conservatively at one
standard deviation.
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Fig. 5. Performance comparison of different feature selection methods: no
feature selection, the built-in feature selection (FS1), and the full feature
selection (FS1 and FS2) for all personality traits using one-day windows
and grouped by openness to experience (O), conscientiousness (C),
extraversion (E), agreeableness (A), and neuroticism (N). The error bars
show the standard deviation from a 10-fold cross-validation.

local optimum. Therefore, the optimization was repeated five
times and the model parameters with the highest AUC were
selected (see the supplemental material for an extensive list
of the hyperparameters). The best hyperparameter set was
then used for prediction on the previously unseen test sets.

5 RESULTS

5.1 Feature Selection

We investigate the impact of our feature selection techniques
by comparing the model performance when using no feature
selection at all, when using only the built-in feature selection
(FS1) provided by the tsfresh package, and when using
the full feature selection pipeline (FS1 and FS2), which
includes feature filtering based on the F-score and the
mutual information (see Figure 3). Figure 5 shows that
for four out of five personality traits the improvements of
FS1 and FS2 are substantial compared to when no feature
selection is used (+0.064 AUC for agreeableness, +0.12
AUC for openness, +0.106 AUC for neuroticism and +0.067
AUC for extraversion). However, there is no improvement
for conscientiousness. In summary, we conclude that the
additional feature selection steps (FS1 and FS2) are necessary
for removing uninformative features and thereby increasing
the model performance.
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5.2 Feature Importance
We investigate the importance of each input feature and
higher-order feature (see Table 2 for the definitions) by
counting their occurrences in the final feature sets after
performing the full feature selection. Table 3 shows the
occurrences grouped by personality trait and input features,
or respectively, higher-order features. Time-related features
were very important for extraversion, especially the typing
speed (47% of all features on average). For openness, agree-
ableness and neuroticism, position-related features were of
high relevance 62%, 76%, and 92% of all features on average,
respectively). For conscientiousness, a mix of both spatial
and time-related features were indicative. We conclude that
different input and higher-order features are important for
each personality trait.

5.3 Moving Average
Since personality traits are merely behavioral tendencies
rather than strict patterns [1], the typing characteristics of
certain days could constitute outlier days. For example, a
neurotic person might be unusually calm and relaxed during
holidays, or an extroverted and open person might behave
unsociably due to fatigue and drowsiness after sleeping
poorly. Thus, we propose to smooth the predictions of the
SVM over multiple days to account for such outlier days
by leveraging previous predictions as prior knowledge and
increasingly improving future predictions using a moving
average on the previous w predictions:

p̂i =
1

min(w, i) + 1

min(w,i)∑
k=0

pi−k, (1)

where pi denotes the prediction at Day i. The predictions of
all days are weighted equally since the personality traits
are considered to be constant in short time frames and
the predictions are independent of each other. Hence, each
prediction is a priori equally informative. Figure 6 shows
the performance improvement in terms of AUC, accuracy,
and F1-score when averaging the predictions of the previous
w days (random chance level at 0.5 for all metrics over all
averaging widths due to balanced folds). The performance
improves for all traits significantly, especially in the first
ten days after which the AUC plateaus. This indicates that
ten days are enough to effectively extract stable personality
trait patterns. Averaging more than ten days has almost no
effect on the AUC. The absolute performance increase after
applying the moving average is reported in Table 4).

5.4 Runtime
For our model to be applicable in a real-world application,
certain runtime requirements need to be met. For example,
the feature extraction should be computed in a feasible
amount of time to allow deployment on mobile devices such
as smartphones. We report an extraction time of 4.5 minutes
(SD = 3.2 minutes) per participant on an eight-core Intel®

Xeon® E5-2697v4 with 128GB of memory when extracting
all available features over the entire duration of the study.
This boils down to approximately 30 seconds per sample for
all features on a single core, and a few milliseconds if only
the relevant features are extracted. Once the SVM is trained
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Fig. 6. The effect of using a moving average of different widths in days
on the model performance in terms of (a) AUC, (b) accuracy, and (c)
F1-score grouped by the personality traits openness to experience
(O), conscientiousness (C), extraversion (E), agreeableness (A), and
neuroticism (N). The standard deviation from the 10-fold cross-validation
is shown in shades. The random chance level is at 0.5 for all averaging
widths.

on the dataset, the prediction time is in the range of a few
milliseconds, which is negligibly small. The training time
itself is irrelevant for real-world applications since training
is carried out beforehand and depends on the size of the
dataset and the number of iterations for optimizing the
hyperparameters.
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TABLE 4
Increase in AUC, accuracy, and F1-score for all traits after applying the

moving average over all available data points.

AUC Accuracy F1-Score

Openness +0.03 +11.9% +0.08

Conscientiousness +0.09 +13.6% +0.09

Extraversion +0.07 +10.0% +0.14

Agreeableness +0.06 +12.3% +0.12

Neuroticism +0.02 +12.9% +0.08

6 DISCUSSION

In this work, we presented a novel method for inferring the
personality traits of the Five Factor Model from in-the-wild
smartphone typing characteristics. We presented a system
with a fully automated feature extraction, selection and
machine learning pipeline that achieves high classification
accuracy of up to 74.5% accuracy and 0.72 AUC for a single
day of data collection, and up to 84.5% accuracy and 0.79
AUC after subsequent refinement over 10 weeks on binary
personality trait labels. In addition to the high prediction
accuracy and the short data collection time of a few days, we
also discuss in more detail other insights our method offers,
such as the type of features that are predictive for each trait,
and how previous predictions can be integrated into a long-
term aggregation scheme. We conclude our discussion with
two potential applications of our method and the resulting
implications for the users’ privacy.

6.1 Feature Importance
Counting the occurrences of each higher-order feature in the
final feature sets revealed that different higher-order features
are relevant for each personality trait (see Section 5.2).
Especially for openness, agreeableness, and neuroticism,
position-related features were most relevant (17.4 out of 28.3
features on average for openness, 17.0 out of 22.4 features on
average for agreeableness, and 35.7 out of 38.7 features on
average for neuroticism). Position-related features indicate
that the typed content was predictive. Since none of the
extracted features in the FRESH algorithm explicitly targeted
the semantics of the typed text, we believe that special
characters (e.g., the space bar, shift key, backspace key, and
punctuation characters) were most predictive for neuroticism
and openness. For example, neurotic people might tend to
use the backspace character much (more) less often than
less neurotic people, indicating that they (often) seldom
misspelled words and subsequently corrected their input,
which would be reflected in a high x- and low y-coordinate
due to the backspace character being located in the lower
right corner of the keyboard. Using the space bar (more)
less often than usual is also reflected by low y-coordinates,
indicating that the person used rather (short) long words.

In contrast, for extraversion, we conclude that the typing
speed is most relevant since on average 20.7 out of 43.9
features were typing speed-related. In particular, one of the
selected features from all feature sets of extraversion was
the mean typing speed, which was positively correlated

to extraversion (Spearman correlation coefficient r = 0.31,
p = 5.2 · 10−118), indicating that extroverted people tend to
type faster than introverted people.

In summary, these results highlight the importance of
considering each personality trait individually by training
separate classifiers since it allows for a tailored and refined
feature selection and feature importance analysis.

6.2 Moving Average

The moving average improves the prediction accuracy for
all personality traits monotonically over time (see Figure 6).
While the accuracy increases monotonically with increasing
averaging window sizes, the AUC plateaus after ten days
for all personality traits, indicating that averaging more than
ten days of data does not yield any additional gain in terms
of model performance. We conclude that a time period of at
least 10 days is necessary to extract stable trait predictions
from everyday typing data. The discrepancy between the
AUC and accuracy can be attributed to the fact that accuracy
is based on an optimal threshold for separating the output
probabilities of the SVM into two classes, whereas the AUC
considers many possible thresholds simultaneously, some of
which might decrease the overall AUC. While the optimal
separation threshold is known at training time, it is not
known when deploying the model in a real-world application
and has to be fixed beforehand. The same holds for the F1-
score which also depends on a single separation threshold.

6.3 Implications and Potential Applications

Our method leverages short-term variability of smartphone
typing characteristics and integrates it into a long-term ag-
gregation scheme, which enables the deployment in multiple
applications where data is collected over long periods, but
the personality assessments should be available right away.
In the following, we detail two applications that could take
advantage of the personality assessments of our system.

6.3.1 Mental Health
In psycho-therapeutic smartphone applications, certain facets
of pre-selected personality traits are changed over time using
different therapeutic schemes. Tracking of the personality
over time and a fast and accurate personality assessments
are desirable. For example, PEACH [66] is a smartphone
application for chatbot-based personality coaching. The
application uses in-app personality tests to asses the users’
personality. Our model could automate these personality
tests based on the text conversations with the chatbot (or
conversations from other chat applications if the users
provide consent), thus making the interaction with the
application less demanding and more natural. Furthermore,
our method would allow for an automatic tracking of the
traits over time, capturing the natural personality trait drifts
occurring in young adulthood [5], [6].

6.3.2 Recommender Systems
In personality-aware recommender systems, product sug-
gestions could be made after the first day while refining
the suggestions over time using our aggregation scheme
without the need to first collect user preferences over longer
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time spans to output a suitable recommendation, which
would benefit both the users and the service providers. For
example, YouTube recommends video clips based on the past
usage history and user preferences. Assuming consent of the
user, our model could be used to improve such video clip
recommendations and tailor them to the users’ personalities.

6.3.3 User Privacy
While our method has numerous potential applications and
benefits, it also raises privacy issues. Smartphone users
are increasingly concerned about their privacy and want
to remain in control over what data they share [67]. Thus,
passive recording of touch positions that could potentially
leak information about the keystrokes might not be easily
adopted and accepted by the users. However, once trained,
our model can be deployed fully offline on a user’s smart-
phone due to the light-weight SVM model running on a CPU.
Furthermore, the collected data can be instantly deleted
after a prediction is obtained, both for privacy and storage
reasons. Finally, users can maintain full control over the data
collection by pausing and resuming the data recording at
any time, and the source code of the application can be made
openly available. We believe that these countermeasures can
greatly reduce user’s privacy concerns. However, personality
traits are also considered privacy-sensitive information [28],
and we believe that users should be made aware of the
usage and functionality of personality trait recognition. More
specifically, users should be made aware that the personality
traits can be inferred through passively analyzing typing
characteristics without semantically analyzing the typed
text nor collecting external context data (e.g., location and
application usage data), as shown in this work.

7 CONCLUSION

In this work, we showed how typing characteristics from
in-the-wild smartphone data can be used to classify the
personality traits of the Five Factor Model on two levels (low
and high) with an accuracy of up to 84.5% and an AUC
of up to 0.79. To the best of our knowledge it is the first
approach that investigates the relationship between daily
typing behavior and the personality traits of the Five Factor
Model in the wild.

In addition, our model surpasses related work in two
key aspects. First, our method comes with a fully automated
feature extraction and selection pipeline that does not require
any manual feature engineering or feature selection while
at the same time provably succeeding in finding a set of
predictive features for the classification task at hand. Second,
our approach constitutes an important step towards direct
deployment in real-world applications since it decreases
the required data collection time of current models from
one month of data collection to only a few days of data
collection by leveraging short-term typing characteristics,
and then subsequently refining and improving the prediction
by merging previous predictions using a moving average. In
particular, our method shows that personality trait patterns
become stable after collecting 10 days of typing data.

Our work highlights the importance of considering
separate classification models for each individual personality
trait since the traits differ in the types of features that are

most predictive. Future work may take these insights into
consideration when modeling their classification schemes as
it allows for more fine-grained and accurate results in the
context of personality trait recognition.

8 LIMITATIONS & FUTURE WORK

In the following, we discuss potential limitations of our
work. First, the acquired labels for the dataset do not
necessarily reflect the real ground truth because participants
may have tried to achieve high scores on socially desirable
characteristics, and low scores on undesirable characteristics.
Although there was no incentive for the participants to
intentionally distort their test scores, we cannot rule out
a potential bias. Furthermore, the small sample size of 76
participants, 68 of which were university students, may
not be representative of the general population, which can
be observed by the skew on openness, agreeableness, and
neuroticism.

Second, the feature selection pipeline filters the features
based on their direct relationship with the target variable
although multiple features combined might contain more
discriminative power than each feature separately. Although
we tackled this problem by combining the input time series
into higher-order features before the feature extraction, the
high number of extracted features from the FRESH algorithm
impedes a detailed analysis of all feature combinations.
Furthermore, our method does not account for potential
dependencies among subsequent days. Future work might
investigate a way to efficiently equip our pipeline with the
ability to combine features during the selection process and
consider dependencies of data points of users when applying
the moving average.

Finally, our work is based on the premise that users
regularly type on their smartphones in order to produce a
sufficient amount of data for the personality trait inference.
However, a major paradigm shift in the way people use their
phones might be under way. For example, people might in-
creasingly start to replace typed messages by voice messages,
or use different emerging interaction technologies such as
smartwatches or smartglasses. Future work might investigate
other input modalities apart from typing patterns (e.g., voice
or gesture input) and adapt our pipeline accordingly to
enable multimodal personality trait recognition.
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