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Over the last decade, researchers have been studying methods of determining a user’s personality from their digital
traces, and this research tendency began with the expansion of social media (Kosinski et al., 2015). As a result,
personality is often inferred from social media data, primarily using large text datasets available as open data on
platforms such as Twitter and MyPersonality (Bin Tareaf et al., 2019; Khan et al., 2020). Some researchers have also
attempted to predict personality based on profile pictures on social media (Liu et al., 2016). There have been attempts to
explore other types of data, such as logs from phone calls (Montjoye et al., 2013), application events (Xu et al., 2016),
eye movements (Berkovsky et al., 2019), and wearable events (Kalimeri et al., 2013). However, some studies based on
social media data are impossible to repeat due to legal restrictions on access to personal data, which limits their use
outside the service (e.g. Facebook, Twitter). Despite this, the research is still valuable from a cognitive perspective.

Most studies are based on a large amount of data from a service’s history. However, it appears that some researchers
focus more on improving machine learning methods than on the usefulness of the models created in practice, for
example (Bin Tareaf et al., 2019; Khan et al., 2020). Using such models for business purposes is also limited to
commercial personalization in social media or service recommendation (Ning et al., 2019; Matz et al., 2017).

The Big Five Factors model, investigated and described by Costa Jr and McCrae (1992) alone is the most commonly
used model for personality in the context of digital data, as it was researched by (Krzeminska, 2022). Its popularity
can be evidenced by the existence of the Cybernetic Big Five Factors model developed by (DeYoung, 2015).

What is important due to the proposed approach is the fact that in the analyzed studies in the literature, the
personality profile is usually a set of discrete binary variables. Although it is convenient in modelling (the problem of
unbalanced classes disappears), it is not justified in the case of personalization. Here, features are to be used to identify
those users who significantly differ from a typical user in terms of needs and motivations to act. And the use of binary
classes is less likely to reflect variation in human behaviour (Stajner and Yenikent, 2021; Krzeminska, 2022).

The main reason why the business is interested in the deep understanding of the customer on very individual level is
the basic feature of a modern agile enterprise: the flexible adaptation of final products to the current needs of customers.
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Abstract.This study explores the feasibility of transferring a personality prediction model,
trained on smartphone data, to a Business Intelligence (BI) system utilizing call logs. By
leveraging the Big Five personality traits model and machine learning techniques, the
research addresses the challenge of harmonizing disparate data sources—rich data about
smartphone applications usage and system settings, and aggregated call log data from a BI
warehouse. Through meticulous data preprocessing and feature engineering, the study
evaluates the performance of various machine learning algorithms, demonstrating that traits
like Extraversion and Conscientiousness can be reliably predicted. The study also introduces
innovative methods for verifying predictions on unlabeled BI data, including consistency over
time and similarity of distributions. The findings underscore the potential of integrating
personality insights into BI systems, also highlighting the ethical considerations and data
privacy challenges inherent in such applications. This research contribution lays the
groundwork for future advancements in personality prediction models and their practical
business applications.

1. Introduction and Motivation
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In an environment of high volatility, strategies have been developed to counteract problems resulting from the fact that
it takes too long to deliver the product to the customer after creating a product concept. The literature on the subject
describes various logistics strategies of enterprises, and one of them is postponing - late personalization or delayed
product differentiation. The main reason for the delay strategy is to gain a competitive advantage by providing the
customer with the most up-to-date personalized product (Swaminathan, 2003).

According to Brdulak (2014), one of the strategies for managing uncertainty is to create flexible and self-regulating
systems based on artificial intelligence. Technologies enable the development of such a self-adaptable system using
available data to create knowledge about the customer. Such a system also includes the possibility of postponing the
creation of the final shape of the product until the service is installed at the customer’s device.

Two years ago, a base model was created to predict a user’s personality profile from smartphone data Krzeminska
(2022). This model was unique because it only required a single feature enumeration to be calculated and did not need
to track the user over time. The idea was attractive from a business perspective because it allowed beneficial knowledge
about the user to be obtained during onboarding to the mobile application. The model was calculated locally and did
not send any data outside the phone. The entire model creation process, data, and quality parameters are described in
previous publications by Krzeminska.

When designing user tests to prove the concept for a telecommunications operator, a question arose whether it is
possible to calculate a user’s profile from their call logs history. This approach would make it possible to gain knowledge
about the user without requiring any other category of data. (Krzeminska, 2022; Krzeminska and Szmydt, 2021).

When designing user tests to demonstrate proof of concept for a telecommunications operator, a question arose
about whether it was possible to calculate a user’s profile from their connection history. This procedure would enable
adapting the customer care model to suit individual users better and to provide more opportunities to verify diverse
behaviors. Having such a profile prediction in the BI database would also open up new opportunities to create channels
and service scenarios consistent with users’ needs.

One of our research questions was whether the classification model trained on cell phone data could be transferred
to a BI database where only similar information was available to train a new model. The main concern was whether
the models trained on a targeted sample of approximately 6,000 people would replicate well in a database of several
million customers. It should be noted that the model calculated on the smartphone was based on different categories
of data, including applications, system information, phone usage settings, and usage characteristics. In contrast, only
the user’s call history information was available in the BI database.

Since the business-psychological concept remained the same as in our previous research (see: Krzeminska (2022)),
this article presents a limited literature review mainly concerning model transfer methods. It also provides a detailed
description of the model creation process carried out on new and different data, including verifying data adequacy.
Furthermore, it presents the obtained model quality metrics for some personality traits, explaining why it was not
possible for two of them. Finally, the article discusses experiments, conclusions, and recommendations for possible
paths of continuation of research.

2. Research Objectives
The above motivation defines the main research problem analyzed in this publication - transfer of a predictive

model trained on a limited user base to a database of different origin with a several million users. To address this issue,
the following research questions need to be answered: RQ1. Can profiles be predicted using models trained on data
from sources other than the data used for prediction? And RQ2. How to measure the quality of such a forecast?

3. Literature Review
Integrating mobile data predictive models with business intelligence (BI) systems, especially for personality

profiling based on call records, is a significant challenge due to the complexity and variability of the data. Despite
the efforts, no adequate studies were found in the literature on this subject. The development of a predictive model
for personality profiling of mobile network customers based on information from the BI data warehouse works on
models trained on Android system data, therefore seems to be a unique undertaking. The main challenge becomes
adapting the warehouse data to Android’s data format and features, which is a task that requires significant amount of
pre-processing.
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Previous research efforts in the field of profiling data have focused on social media, using data from written
interactions and social media reactivity to create personality profiles, usually presented as a set of discrete binary
variables. This approach may not accurately reflect the nuances of human behaviours, which is more diverse and
complex than binary classifications suggest.

Jha et al. (2018) work on a cross-property deep transfer learning framework demonstrates effective predictive
modeling on small datasets by leveraging larger datasets, an approach that could be adapted for transferring personality
profiles from extensive mobile data to more focused BI systems.

Hanczar et al. (2022) assessed deep learning and transfer learning for cancer prediction using gene expression data,
revealing the potential of transfer learning between different conditions, a concept applicable to the varied nature of
mobile and BI data.

Sarmas et al. (2022) discussed transfer learning strategies for solar power forecasting under data scarcity, illustrating
the significant improvement in predictive accuracy with limited data, a scenario akin to BI systems utilizing sparse call-
log data. A theoretical and practical approach to transfer learning across datasets with different input dimensions, as
proposed in a study focusing on linear regression, provides a robust framework for adapting mobile-derived personality
profiles to the differing structure of BI system data.

In the context of existing literature, a meta-analysis of studies examining the relationship between smartphone
data and the Big Five personality traits found that extraversion showed the greatest association with digital footprints
obtained from smartphone and social media data. Which would perhaps indicate the potential of using data from call
and text logs to better predict extraversion, as opposed to other types of smartphone data.

When it comes to knowledge transfer methodologies between data sets of different characteristics and sizes, the
concept of transfer learning in AI and ML is increasingly used in various fields. For example, in materials science,
cross-property deep transfer learning frameworks have been developed to use models trained on large data-sets to
create models on smaller data-sets with different properties for improved material detection (Gupta et al., 2021). This
approach enables the development of robust and accurate models on small data-sets, where labeled larger data-sets
may not be readily available. Similarly, in network biology, transfer learning is used to leverage deep learning models
pre-trained on large-scale general data-sets to adapt to tasks with limited task-specific data, such as disease modelling
with limited patient data (Theodoris et al., 2023). This method has been shown to increase predictive accuracy and
accelerate the discovery of key network regulators and therapeutic targets.

These examples from materials science and network biology demonstrate the feasibility and effectiveness of transfer
learning methodologies in addressing the challenges posed by predictive modelling using data-sets of varying sizes and
characteristics. This approach, although different from the research conducted on the integration of predictive models
from mobile data with BI systems for the purposes of personality profiling, indicates the validity of searching for and
researching such methods, where the key challenge is the variability of the data on which the model is trained and used.

4. Research Method
The overall methodology chosen to carry out the required research is Design Science Hevner and Chateerjee (2012).

Following the Design Science framework, the presented research consists of the following steps presented in Fig. 1
Design Science Research can be defined as a six-step procedure proposed by Peffers et al. (2007) and specified as a
sequence composed of 3 iterative cycles: relevance, rigor and design.

Figure 1: Design Science Research Methodology Process

According to the Design Science methodology, the research process aims to create artifacts that are verified for
usefulness in the evaluation process in a given environment using the Framework of Evaluation for Design Science
(FEDS) described by Venable et al. (2016). The research process in design science begins with problem identification,
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which involves defining research challenges and assessing their potential usefulness. This is followed by iterative
verification against the existing knowledge base, known as the relevance cycle, and ongoing supervision, referred to as
the rigor cycle. Within this iterative framework, the expected goals for the artifact are identified, and the method for its
creation is designed. The process culminates in a demonstration of the created artifact, showcasing how it solves the
problem within the appropriate context. Subsequently, the solution is evaluated in order to measure its effectiveness.
The final stage involves communicating the results to relevant stakeholders.

Figure 2: Design and development phase. Detailed description in article - in the 5th section with subsections

5. Developing the Data Driven Model (design and development stage of the Design Science
Research)
After identifying objectives, the research process was designed using the methodology described in the previous

section, with the design and development, demonstration, and evaluation of the artefact stages separated. Our instance
of the generic process diagram is shown in Fig.2, with numerical references to the chapters that describe the work
performed. Transferring a predictive model based on one data source to data from another seemed feasible if a standard
set of explanatory variables could be found in both databases or the data could be transformed to create a standard set.
An additional advantageous condition would be the possibility of identifying a comparable population in terms of
demographic characteristics in both sources - e.g. customers from different generations may differ significantly in how
they use mobile telephony. These stages of preparatory work are described in chapters 5.1 to 5.4.

The differences between primary and secondary data are crucial from the point of view of the research problem
related to model transfer. The starting point for developing the predictive model in this study was the knowledge
from the work of Krzeminska (2022) on predicting personality based on mobile phone data. The Android OS-based
predictive model used several categories of data collected by a smartphone application, which created one-time
statistics on phone use (one-shot view). These statistics included, among others, information about the list of installed
applications, call logs, contact lists, SMS logs, photos and information about system settings. A reference to a detailed
description of this study and the stages of model creation was provided. As a result, a set of models was created for
each of the five characteristics and the models had different accuracy and F1 scores for each of them. The highest
accuracy and F1 score were obtained for Extraversion (0.79 and 0.76) and the lowest for Agreeableness (0.70 and 0.58,
respectively).

Ideally, it would be possible to annotate customer data from the BI warehouse with the results of personality surveys,
but this is an impossible task due to costs, time and the unwillingness of respondents to complete surveys. To illustrate,
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paid recruitment of subjects when creating a model on Android data had a response rate below 10%. Although the
highest quality metrics were achieved by models calculating a personality profile from all categories of data collected
from a smartphone, a new model had to be created to transfer the Android model to the telco warehouse based only
on a small part of the smartphone statistics, namely on the call logs. Such a significant data reduction means reducing
predictive features by up to 95 percent.

5.1. Comparison of data-sets: Smartphone data vs BI telco warehouse data set
As already mentioned, the first step in implementing the model transfer was to extract a set of variables and

features based on them from both data sources. The comparison concerned a set of smartphone statistics collected
from 3,045 users of phone models with the Android operating system (input set) and a randomly selected sample of
data from the BI warehouse from 3,991 unique mobile phone numbers (target set). In both cases, the data, although
anonymous, came from people who consented to the processing of their data in order to create statistics. The training
set (smartphones) included broad and diverse types of information. From the elementary categories, such as the battery
level, to the more sophisticated, such as the frequency of emoji use in text messages. The users were customers of 4
major companies in the Polish telecommunications market (Orange, T-mobile, Plus, Play). Demographic characteristics
were also assigned to the conversation logs: age, gender and the classification of 5 personality traits of the users
(openness, conscientiousness, extraversion, agreeableness, neuroticism). The Big Five classification was based on the
self-assessment results in a standardized questionnaire and included three classes for each feature. Classes were created
based on a standardized sten scale: the low level was 1-3 sten, the medium level was 4-7 sten, and the high level was
8-10 sten. (after (Krzeminska, 2022)).

In the first step, the scope of input data was limited to statistics and features from call logs, which reduced the size
of the database to 2,043 people with any calls registered during last 18 months. The data in the set included: statistics
from the call history and concerned tags, call duration, call types (incoming, outgoing, missed, rejected) and the types
of telephone between which the call took place (mobile, landline).

The target set is a sample of randomly selected accounts active in 2023, downloaded from the Orange Polska
telecommunications data warehouse (3,991 unique mobile phone numbers). Since the data from the warehouse is
stripped of the exact connection timestamp, records from given day are aggregated in 24-hour periods. In order to best
harmonize the data from the warehouse with the data from the input database, the following selection criteria were
adopted in terms of user characteristics:
- payer accounts needed to have at least one active mobile phone
- data for this number should have at least one call dialled, received or unanswered
Finally, in the target database, call statistics for a given day included: the total number of incoming and outgoing
calls, also divided into on-net and off-net categories, corresponding to Orange’s own network and that of other
telecommunications companies; a total number of received, dialled and missed calls; daily duration of incoming and
outgoing calls in minutes (also divided into on-net and off-net categories), daily duration of roaming and international
calls (sum of incoming and outgoing calls) in minutes, duration of incoming calls in three periods - in the morning
(00-12), in the afternoon (12-5 p.m.) and in the evening (5-12 p.m.); information about the number from which most
calls are made to and from for a given number.

5.2. BI data sample verification and adjusting
The data warehouse contains data for the entire Orange B2C customer population and differs from the data sample

collected by the Dr Character application in two ways.
I. It is broader:
- contains data from users of both Android and IOS operating systems
- contains data from all subscriptions and therefore more than one phone for some subscribers
- contains subscriptions described as one-person businesses (which are not a typical individual user)
II. It is narrower:
- contains data of Orange customers, it does not include customers of the other three main companies in the Polish
telco market (although Orange customers may have services from other companies - this information is not available
in the BI database)
- does not include data on the use of applications on smartphones, which is available for customers from the Android
database. Combining call logs with information on communication taking place via applications would give a more
complete picture of users behaviour.
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- does not provide information about timestamp of each call
To ensure maximum consistency between BI data sample and Android database, the following steps were taken:
removing cases where only international calls are performed, excluding one-person businesses from sample and
filtering out multi-subscriptions (phone numbers linked to single account). This procedure reduced the sample from
3991 to 2353 telephone numbers.

At the time of the study, there was no possibility of selecting only users with Android system smartphones for
BI dataset. Another difference between the collections that has not been resolved is the issue of full telco market
representation in Android dataset versus Orange users only in BI dataset. Restricting Android dataset to Orange
customers only would reduce it to a quarter of its original size and would seriously impair possibility of machine
learning training.

For both databases, acquisition of knowledge about gender and age of subscriptions users is possible. However, in
case of BI sample data set, it is only available partially for two reasons. Firstly, there is no data for 38.1% of billing
owners in terms of gender and no data for 39.4% of owners in terms of year of birth. Furthermore, there is also no
absolute certainty about demographic characteristics of exact users of each subscription. Under Polish law, the billing
owner may have multiple mobile phone numbers assigned to him or her, which may be used by the owner or other
people (for example, family members). It may only be assumed that single subscriptions billing owner demographics
is the correct description of the actual user. Due to the above caveats, gender and age were not used as variables in the
predictive modelling.

5.3. Android and BI features transformed into coherent format
Both databases contain variables carrying information on the number of telephone calls made or received. However,

they are aggregated at a different level and require transformations in the set with a higher level of detail. In addition,
in the warehouse data, calls are separated into those made within and outside the Orange network. These need to be
combined, as this type of information is not available at the Android level.

This diversity of datasets meant that both had to be modified to create a set of common features for predictive
modelling. In the first dataset, the call histories from the timestamps were aggregated to the daily level, and converted
to the form found in the data warehouse. The common variables on which the predictive model could then be built were
the number of outgoing, incoming and missed calls, as well as the length of incoming calls in the three time intervals.
The average time of outgoing and incoming calls per day for both bases was also calculated.

The Python pandas and numpy libraries, commonly used in Data Science, were used for the transformations. The
final result of this step was to produce two time series databases with an identical set of variables, albeit from different
sources: total number of calls, number of incoming calls, number of outgoing calls, summed duration of incoming calls
in hours 00-12, summed duration of incoming calls in hours 12-17, summed duration of incoming calls in hours 17-00,
total duration of incoming calls, total duration of outgoing calls, mean duration of incoming calls, mean duration of
outgoing calls, day of week, working/weekend day (binary), day with/without calls (binary).

5.4. Android predictive model
The set of call logs prepared for the machine learning modelling consisted of daily statistics in a format

corresponding to the BI data. Depending on the number of days per month with calls made or received ("active days"),
the sample size of users with data changes. The higher the average number of "active days" per month, the fewer cases
are available for machine learning training.

Figure 3 shows the relationship between the minimum available number of days with calls per month and the
sample size. Due to the possible relationship between these two dimensions and the prediction results, several different
cut-offs were made for experimental purposes and for comparison (5, 10, 15, 20 and 25 or more "active days" per
month).

The first step in preparing predictive models was to use the Python library tsfresh, which operates on time-series
data. It produces hundreds of potentially important predictor variables in an automated way and then tests their
significance against each of the user characteristics targeted for prediction. The elimination of less important variables
is then performed and the final set of predictive features is obtained - in the form of statistics describing the time
series. Examples of the resulting variables range from the simplest, such as the sum of values, to the median, to more
complex ones such as the permutation of entropy in the time series. With data set covering 6 months of call logs and
5 cut-offs of "active days", it was possible to create 6x5 matrix with 30 alternative data sets. Each one had different
level of activity of users and different length of history of call logs. It turned out that the tsfresh library was able to
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Figure 3: Minimum available number of days with calls per month versus sample size

create significant features for all data sets in matrix only with Extraversion trait. For example, for users with 1 month
of calls history and at least 5 calls per month, features created with that library were not significant in predicting
Conscientiousness. But with adding more data points (another month of calls history) or limiting data set to users with
more informative data (at least 10 calls per month) - features created were significant in predicting Conscientiousness.
Finally, Conscientiousness received 24 and Agreeableness 16 lists of features for corresponding data sets. There were
no significant features created by tsfresh for Neuroticism and Openness traits.

The second step in the process was to investigate performance of 30 popular classifiers from scikit-learn, xgboost
and lightgbm Python libraries. The algorithms were trained on a training set and tested on a test set. The measures used
to check the quality of the algorithms were accuracy and F1 score. A full list of the applied algorithms is provided in
the Appendix.

The final results obtained during experiments are presented at Table 1. The best performing algorithms were
(depending on the number of months and number of "active days"): XGBClassifier, LogisticRegression, AdaBoost-
Classifier, ExtraTreesClassifier, BaggingClassifier and RandomForestClassifier.

5.5. Personality Prediction on BI
The previous stage completed the data processing phase for customers’ smartphones. Predictive models were

developed for various combinations of call history lengths and different customer call intensity groups. The models
that performed best were then used on data from the data warehouse, which, as a reminder, does not include direct
information about users’ personality profiles. This constraint necessitates innovative methods to verify predictions on
unlabeled data. Three distinct methods were identified to validate the quality of the predictive models transferred from
the smartphone environment to the data warehouse, each varying in execution complexity.

Method 1: Distribution Comparison. The initial approach involves comparing the distributions of the predicted
personality traits between the results for the smartphone-derived model and the BI warehouse model. It is particularly
important to assess whether both models produce predictions from the same probability distribution for personality
trait classes. This comparison helps determine if the transferred model maintains similar predictive behavior across
different data sources.

Method 2: Temporal Consistency. The second method examines the consistency of predictions for the same
customers over different time periods, namely across six consecutive months. Since personality traits are generally
stable over time, consistent predictions would suggest the model’s reliability. This approach provides a robust measure
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Accuracy F1

EXTRAVERSION average number of days with calls per month

5 10 15 20 25 5 10 15 20 25

number of months
with calls available

1 0.67 0.70 0.70 0.69 0.68 1 0.58 0.61 0.60 0.60 0.57
2 0.68 0.67 0.69 0.69 0.70 2 0.56 0.59 0.57 0.61 0.64
3 0.69 0.69 0.68 0.69 0.71 3 0.63 0.59 0.59 0.57 0.62
4 0.69 0.71 0.67 0.70 0.70 4 0.59 0.66 0.60 0.59 0.65
5 0.68 0.67 0.68 0.69 0.72 5 0.60 0.60 0.58 0.60 0.65
6 0.69 0.67 0.68 0.71 0.68 6 0.59 0.61 0.62 0.62 0.61

Accuracy F1

CONSCIENTIOUSNESS average number of days with calls per month

5 10 15 20 25 5 10 15 20 25

number of months
with calls available

1 - 0.70 0.69 0.69 - 1 - 0.63 0.56 0.58 -
2 0.71 0.70 0.70 0.69 0.68 2 0.62 0.60 0.59 0.56 0.55
3 0.70 0.71 0.70 0.71 - 3 0.59 0.61 0.59 0.62 -
4 0.71 0.71 0.70 0.71 - 4 0.63 0.61 0.62 0.60 -
5 0.70 0.71 0.72 0.70 - 5 0.62 0.61 0.63 0.60 -
6 0.70 0.73 0.71 0.70 - 6 0.60 0.64 0.61 0.59 -

Accuracy F1

AGREEABLENESS average number of days with calls per month

5 10 15 20 25 5 10 15 20 25

number of months
with calls available

1 - - - - - 1 - - - - -
2 0.70 0.72 0.72 - - 2 0.58 0.61 0.6 - -
3 0.72 0.73 0.71 - - 3 0.63 0.63 0.62 - -
4 0.71 0.72 0.71 - - 4 0.61 0.61 0.64 - -
5 0.71 0.72 0.71 - - 5 0.60 0.66 0.60 - -
6 0.71 0.72 0.71 0.69 - 6 0.63 0.65 0.61 0.59 -

Table 1
Accuracy and F1 scores for Extraversion, Conscientiousness and Agreeableness trait for different amount of data available
for individual.

stability of predictions similarity of distribution
minimum maximum mean minimum maximum mean

Extraversion 68,8% 92,5% 84,0% 45.2% 99.2% 72.6%
Conscientiousness 76,0% 81,6% 79,4% 89.8% 98.9% 93.8%
Agreeableness 73.8% 97.4% 87.7% 56.4% 98.1% 84.1%

Table 2
Minimum, maximum, mean stability of prediction and similarity of distribution. The higher the result, the higher stability
or similarity

of the temporal stability of the model’s predictions, ensuring they reflect enduring personality traits rather than transient
behaviors.

Method 3: Behavioral Correspondence. The third method involves correlating predicted personality traits
with observed customer behavior. This method requires in-depth collaboration with business stakeholders to obtain
detailed knowledge about marketing campaigns, internal processes, and actual customer behaviors. By examining the
correspondence between predicted traits and real-life behavioral data, this method validates the practical applicability
and accuracy of the personality predictions in reflecting customers’ actual personalities and behaviors. The use of this
method is planned in future studies.

The results of verification with Method 1 and Method 2 are presented in Table 2.
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Seamless Transition: From Smartphone to BI

5.6. Predictions stability for different periods
The process of verifying the stability of predictions involved assessing how consistently the models assigned

personality trait classes to the same set of customers over multiple time periods. To achieve this, the best-performing
models trained on smartphone data were used to make predictions on BI warehouse data for five distinct months. The
same set of customers was used for each month to ensure comparability.

The stability of predictions was quantified by measuring the percentage of customers who were assigned the same
personality trait class across the different months. This stability metric could range from 0% (if no customer ever had
the same class in the compared months) to 100% (if all customers consistently had the same class in the compared
months).

For Extraversion, the stability of predictions varied from 68.8% to 92.5%, with the highest stability observed in
models trained on data from groups with at least 10 calls per month. This suggests that Extraversion is relatively stable
over time, particularly when sufficient data points are available. Conscientiousness exhibited stability ranging from
76.0% to 81.6%, with the highest stability found in models trained on data from groups with at least 20 calls per month.
This indicates a moderate level of temporal consistency for Conscientiousness predictions. Lastly, Agreeableness
showed stability ranging from 73.8% to 97.4%, with varying results based on the intensity of call activity. This
variability highlights the potential influence of data quantity and quality on the stability of predictions.

Overall, the stability of predictions across different periods underscores the reliability of the transferred models
in maintaining consistent personality trait classifications over time. This temporal consistency reinforces the validity
of using call log data for personality prediction within BI systems, provided that sufficient and representative data are
available.

5.7. Distribution similarity
To verify the similarity of distributions between the smartphone-derived model and the BI data model, the following

method was adopted. First, a personality prediction was made on a random test set from the smartphone data using the
models trained previously. Then, the same model was used to predict personality traits on a random test set from the BI
warehouse data. The next step involved comparing the results using the Kolmogorov-Smirnov (K-S) test, a statistical
test used to determine if two unidimensional probability distributions differ. The more similar the distributions of both
samples, the more reliable the predictions delivered by the models.

The application of the K-S test indicated varying degrees of similarity between the distributions of predicted
personality traits from the smartphone data and the BI data. For Extraversion, the similarity ranged from 45.2%
to 99.2%, with a mean similarity of 72.6%. This suggests that while there are instances of high congruence, the
variability is notable. For Conscientiousness, the similarity ranged from 89.8% to 98.9%, with a mean similarity of
93.8%, indicating a high level of consistency between the two data sources. Agreeableness showed a similarity range
from 56.4% to 98.1%, with a mean of 84.1%, reflecting moderate to high congruence.

These results demonstrate that the predictive models can produce similar probability distributions across different
data sources, especially for traits like Conscientiousness, where the similarity is particularly high. This high degree of
similarity reinforces the feasibility of transferring predictive models from smartphone data to BI systems, though the
variability seen in traits like Extraversion and Agreeableness suggests that further refinement and calibration of the
models may be necessary for these traits.

In conclusion, the use of the Kolmogorov-Smirnov test to compare probability distributions has provided a robust
means of validating the transferred predictive models. The findings support the potential of integrating personality
insights derived from smartphone data into BI systems, contributing to the development of more personalized and
effective business intelligence applications. Future research should continue to explore methods to enhance the
alignment of predictive models across diverse data sources, ensuring consistent and reliable personality predictions.

6. Discussion
The integration of predictive personality models derived from smartphone data into Business Intelligence (BI)

systems is an innovative approach that bridges the gap between individual-level data insights and large-scale business
applications. This study successfully demonstrates that personality traits such as Extraversion, Conscientiousness
and Agreeableness can be predicted from call logs data within BI systems with features generated through tsfresh
library. The distribution comparison and temporal consistency validation methods used provide a robust framework
for assessing the accuracy and reliability of these predictions.
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Recent studies in personality prediction have explored various data sources and methodologies, highlighting both
the potential and the challenges of such endeavors. For example, research utilizing natural language processing (NLP)
has effectively predicted personality traits from social media texts by leveraging large datasets and sophisticated
machine learning models (Jang et al., 2022; Mehta et al., 2020). These studies emphasize the value of diverse data
sources and complex algorithms in improving prediction accuracy.

In article Jang et al. (2022), deep learning and transfer learning techniques have shown to enhance predictive
performance, particularly in contexts with limited data. This aligns with our study’s approach of transferring models
trained on smartphone data to a BI environment, illustrating the applicability of cross-domain learning strategies.
Additionally, the use of psycholinguistic features extracted from text data has provided insights into the cognitive and
emotional dimensions of personality (Mehta et al., 2020). Although our study focuses on call log data, these findings
suggest that incorporating multiple data types, such as text and call logs, could further enhance the robustness and
comprehensiveness of personality predictions.

Our previous research discussed in Krzeminska and Rzeznik (2021) indicates how digital data can be utilized
to profile users and adapt services accordingly, which parallels our focus on leveraging call log data for personality
prediction. Both studies emphasize the importance of personalizing user experiences based on personality insights
derived from digital footprints.

Future research should strive for integrating multimodal data, combining call logs with other data types like text
messages, social media interactions, and app usage, to provide a more holistic view of user behavior and improve
prediction accuracy. The exploration of advanced machine learning techniques, including deep learning models and
ensemble methods, could further enhance the predictive power and generalizability of the models across different
datasets. Different methods of creating predictive variables such as manual feature engineering, should make it possible
to predict the other personality traits in the Big 5 model (Openness, Neuroticism) from call logs data.

Developing models capable of real-time personality predictions and dynamic adaptation to new data is crucial for
practical applications in business environments. Addressing ethical and privacy considerations is also essential; future
studies should focus on creating frameworks and guidelines that protect user data while maximizing the benefits of
personality insights. Conducting longitudinal studies to track changes in personality predictions over time will help
validate the stability and reliability of the models, providing deeper insights into the temporal dynamics of personality
traits.

7. Conclusion
This study aimed to determine the feasibility of transferring a personality prediction model, initially trained on

smartphone data, to a Business Intelligence (BI) system utilizing call logs. Our study addressed two primary questions:
whether profiles can be predicted using models trained on different data sources and how to measure the quality of
such forecasts.

This study demonstrates that profiles can be predicted using models trained on different data sources. Specifically, a
personality prediction model trained on diverse smartphone data was successfully transferred to a Business Intelligence
(BI) system utilizing call logs. The findings indicate that personality traits such as Extraversion, Conscientiousnes
and Agreeableness can be reliably predicted from BI call log data through meticulous data preprocessing and feature
engineering (RQ1).

To measure the quality of these forecasts (RQ2), distribution comparison and temporal consistency metrics were
employed. Distribution comparison involved using the Kolmogorov-Smirnov test to compare the distributions of
predicted traits from both the smartphone-derived model and the BI model, ensuring their similarity. Temporal
consistency assessed the stability of predictions for the same customers over six months, confirming that personality
traits remained stable over time. Although a third method, behavioral correspondence, was proposed, it was not utilized
in this research. These validation methods confirmed the robustness and reliability of the transferred models within
the BI context, demonstrating their practical applicability and potential for enhancing business intelligence systems.

The clear business benefits can be identified in this research experiments. By enabling the prediction of personality
traits from call logs, businesses can enhance their personalization strategies, tailoring services and interactions to
individual customers more effectively. This approach is scalable, as demonstrated by the successful transfer of the
model from a smaller smartphone dataset to a larger BI dataset. Moreover, the research emphasized the importance of
ethical considerations, providing a responsible framework for using personality data in business applications without
gathering additional personal data from users. The experiment is an interesting case of re-using an existing model
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predicting a feature in order to generate similar information based only on statistical analyses without the need to
collect additional data.

Addressing ethical and privacy concerns remains essential, and future studies should focus on creating frameworks
that protect user data while maximizing the benefits of personality insights. Conducting longitudinal studies to track
changes in personality predictions over time will help validate the models’ stability and reliability, providing deeper
insights into the temporal dynamics of personality traits. By addressing the above-mentioned future research areas,
such as integrating multi modal data with call logs or developing real-time prediction models, future studies can build
upon the foundations laid by this work, advancing the field of personality prediction and its applications in business
intelligence and beyond. This research contributes to the growing body of knowledge on leveraging digital traces for
personality assessment, paving the way for more personalized and effective business solutions.

This research significantly contributes to the domain of data science and business intelligence by demonstrating
the feasibility of transferring personality prediction models across disparate data sources. By successfully adapting
a model trained on diverse smartphone data to predict personality traits from BI call log data, this study bridges the
gap between individual-level digital behavior analysis and large-scale business applications. The research highlights
the effectiveness of meticulous data preprocessing, feature engineering, and innovative validation methods, such as
distribution comparison and temporal consistency, in ensuring the robustness and reliability of transferred models.
Furthermore, this study underscores the practical implications of integrating personality insights into BI systems,
paving the way for more personalized and effective business strategies while addressing ethical considerations and
data privacy challenges. This work not only advances the technical methodology of model transfer but also expands
the application of personality prediction in commercial contexts, offering a scalable approach to enhancing customer
understanding and personalization.
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List of predictive algorithms used (in alphabetical order):
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gation, LabelSpreading, LinearDiscriminantAnalysis, LinearSVC, LogisticRegression, LogisticRegressionCV, MLP-
Classifier, NearestCentroid, NuSVC, PassiveAggressiveClassifier, Perceptron, QuadraticDiscriminantAnalysis, Ran-
domForestClassifier, RidgeClassifier, RidgeClassifierCV, SGDClassifier, SVC
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