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A systematic literature review to find features 
derived from unobtrusively collected behavioral 
data that have been most relevant for inferring 
an individual’s conscientiousness and 
neuroticism traits (exploratory approach).

Challenge:

• Studies report results very differently, difficult 
to compare

Solution:

• Across studies we assess relevance of 
features by values of their correlation with 
traits

• Within studies (for studies that don’t report 
correlations), consider most relevant as 
indicated in the study

We found 17 relevant studies, published from 2011 to 2016, of which 7 report correlation 
values of a total of 117 features. Data sources include social media platform profiles 
(Facebook, Twitter), and smartphone.

Below are plots showing features with statistically significant correlations. 

Example features:
1. Number of times the YouTube app was started (N=117, r=0.44)
2. Use of words relating to religion (e.g. altar, church, mosque, N=50, r=0.38)
3. Number of Facebook likes (N=180’000, r=0.09)

Overall most correlated features (+: positive correlation, -: negative correlation) are:

Conscientiousness
– media consumption (- video) and creation (- photo) 
– communication style (- use of negations)
– behavior of social contacts and variety of balancedness of relationships (-)

Neuroticism
– use of words of particular classes (+ religion, + hearing)
– variation in message length across contacts (+)
– communication style (+ use of exclamation marks)
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Results

Conclusion & Future Work

It is difficult to determine which features are most relevant overall. Nevertheless, we have been 
able to provide some suggestions of features which are likely to be relevant.

We plan to collect data in a large field study to validate our approach.
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Introduction

We propose exploring the use of automatic, 
unobtrusive recognition of personality traits for 
adapting health interventions to the patient.

Personality traits are known to be connected to 
health outcomes, particularly two traits from the 
widely-used Big Five model, which we focus on 
here:

• Conscientiousness (self-controlled, task-
and goal-directed, planful, and rule following). 
Predictive of health outcomes. Individuals with low 

conscientiousness are relatively less likely to follow 

medical prescriptions.

• Neuroticism (anxiety, worry, anger, and 
depression). Alongside conscientiousness, it is 

predictive of the long-term health of chronic patients. 

Overall, high levels of neuroticism may contribute more 

to health costs than common mental disorders.

Data from usage of smartphones and social 
media allow prediction of personality traits. We 
expect that predictions can potentially be used 
for:

• delivery of appropriate motivational 
feedback to the user, which can help 
motivate the pursuit of the intervention-
specific goals

• personalization of the intervention
• noticing and adapting to changes in 

behavior

Method

Statistically significant features
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Statistically significant features
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Abstract 
Non communicable diseases (NCDs) impose the greatest burden on global health. Any technology that 
helps making treatment more effective or efficient can potentially benefit humanity at a grand scale. 
Health information technology (HIT) has been identified as offering such potential, and indeed, existing 
HIT-based interventions are targeting NCD-related specific diseases such as diabetes, asthma, or 
mental illness. Rather generic determinants impacting health outcomes are the personality traits 
conscientiousness and neuroticism. We argue in this article that HIT-based interventions can benefit 
from an unobtrusive recognition of conscientiousness and neuroticism, both for tailoring interventions 
and for the adaptation of these traits. We conducted a systematic literature review to identify relevant 
behavioral features representing conscientiousness and neuroticism. Overall, 17 out of 262 articles 
have been found to be relevant for this purpose. We found that for conscientiousness, features relating 
to media consumption (video) and creation (photo) were highly relevant, as well as features related to 
communication style (use of negations), and features relating to the behavior of social contacts and 
variety of balancedness of relationships. For neuroticism, we found that features relating to the use of 
words of certain classes (religion, hearing) were particularly relevant, as well as variation in message 
length across contacts, and communication style (use of exclamation marks). This work concludes with 
an outlook on future research. 
Keywords: Non communicable diseases, Personality recognition, Conscientiousness, Neuroticism, 
Intervention. 
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1 Introduction 
Non communicable diseases (NCDs) such as heart diseases, asthma, hypertension, diabetes or major 
depression impose the greatest burden on global health (Krug, 2016; WHO, 2011; WHO, 2015). 
Therefore, any technology that helps making treatment more effective or efficient can potentially benefit 
humanity at a grand scale. Health information technology (HIT) has been identified as offering such 
potential (Agarwal et al., 2010; Fichman et al., 2011; Martin et al., 2010).  
One of the determinants impacting health outcomes related to NCDs are personality traits, particularly 
conscientiousness and neuroticism, two personality traits from the widely-used Big Five model (John et 
al., 2008). Conscientiousness reflects the propensity to be self-controlled, task- and goal-directed, 
planful, and rule following. Neuroticism contrasts even-temperedness with the experience of anxiety, 
worry, anger, and depression. Conscientiousness and neuroticism have been shown to be linked to health 
outcomes: Individuals with low conscientiousness are relatively less likely to follow medical 
prescriptions, which has been shown for some chronically ill people in particular (Christensen and 
Smith, 1995; O'Cleirigh et al., 2007). Not following prescriptions can put patients suffering from chronic 
conditions at greater risks for complications that require hospitalization (Sokol et al., 2005). Neuroticism 
is another significant predictor of health outcomes (Lahey, 2009). Alongside conscientiousness, it is 
predictive of the long-term health of chronic patients (Brickman et al., 1996), and by itself it predicts 
somatic complaints (Rosmalen et al., 2007). Overall, high levels of neuroticism may contribute more to 
health costs than common mental disorders (Cuijpers et al., 2010). 
Although a traditional view states that personality traits are stable in adulthood and thus per se not 
adjustable (McCrae and Costa, 1996), recent research in psychology has highlighted the possibility that 
personality is changeable by appropriate interventions (Mroczek, 2014). Both for conscientiousness 
(Magidson et al., 2014) and neuroticism, first steps have been explored. Neuroticism has emerged as a 
target for intervention in the treatment of anxiety and other emotional disorders (Barlow et al., 2013). A 
recent study has found promising experimental support for the malleability of neuroticism (Armstrong 
and Rimes, 2016). 
With recent advances in information and communication technology, it becomes more and more feasible 
to automatically and unobtrusively draw conclusions about users’ personality traits, because a variety 
of relevant behavioral data can efficiently be collected and analyzed. For example, the smartphone is 
used by more than a billion people and almost always kept on the person and can record information 
such as movement patterns, location, sounds, phone calls, or mobile applications installed (Miller, 2012; 
Xu et al., 2016). This data has been found to allow inferences about the personality of smartphone users 
(Chittaranjan et al., 2011; Xu et al., 2016). A similar number of people regularly use Facebook, Twitter 
and other social media platforms, maintaining personal profiles, connecting with others, and creating 
streams of messages, which likewise are indicators of personality (e.g. Golbeck et al., 2011b). 
However and to the best of our knowledge, research into the design of HIT-based interventions has so 
far neglected personality traits and a way to adapt them for improving health outcomes (Abraham and 
Michie, 2008; Alkhaldi et al., 2016; Kraft et al., 2009; Michie et al., 2013; Morrison et al., 2012). HIT-
based interventions for personality adaptation could therefore benefit from unobtrusive recognition of 
personality traits: it would allow for the continuous monitoring of an individual’s behavior and dynamic 
adjustment of the intervention itself. It may also enable the delivery of appropriate motivational 
feedback to the user, which can help motivate the pursuit of the intervention-specific goals (Fishbach et 
al., 2010). Furthermore, it may allow for the personalization of the intervention (Brinkman and Fine, 
2005; Moon, 2002; Morrison et al., 2012; Tkalcic et al., 2009). Finally, and most important, techniques 
to measure and adjust personality traits would be not limited to specific HIT-based interventions for 
people with a particular NCD such as asthma, diabetes or depression only, but can be universally applied 
to almost all behavioral health interventions. 
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As a first step towards HIT-based interventions that consider health-related personality change, we 
investigated the recognition of conscientiousness and neuroticism from behavioral data, i.e. two relevant 
health-related personality traits. We formulated our research question as follows: 

What features derived from unobtrusively collected behavioral data have been most 
relevant for inferring an individual’s personality related to conscientiousness and 
neuroticism? 

We answered the research question by applying a systematic literature review. To the best of our 
knowledge, this research is both (1) the first review of literature on personality recognition that focuses 
on health-related features from behavioral data, and (2) the first to use a systematic search process.  

2 Background: Automatic Personality Recognition & Machine 
Learning 

Today, it is still a challenge for computers to make sense of an individual’s needs and characteristics in 
order to adapt accordingly. Personality traits can represent a solution. They constitute a conceptually 
rather simple framework for representing individual characteristics of users. They are also helpful for 
predicting a wide range of behavior and emotions (Ozer and Benet-Martinez, 2006). Asking the user to 
fill in a personality questionnaire may however represent a prohibitively large burden on the user. 
Therefore, it is desirable that computers can unobtrusively recognize the personality traits of the user. 
Computationally determining self-assessed personality of individuals from data has been termed 
Automatic Personality Recognition (APR) (Vinciarelli and Mohammadi, 2014). By self-assessed 
personality we mean the representation of personality obtained by self-assessment questionnaires such 
as the BFI (John and Srivastava, 1999). 
A suitable and commonly used method for solving APR is to use machine learning (ML) algorithms, 
which can learn to perform this task by generalizing from examples (Chittaranjan et al., 2011; Xu et al., 
2016). In the context of APR, ML algorithms would learn to map a representation of behavioral data to 
a representation of personality. Critically, both representations need to be chosen and the choices are 
not straightforward. The representation of behavioral data corresponds to the set of input variables 
(features) for the ML algorithm. Domingos (2012) makes two noteworthy observations: (1) The choice 
of features is easily the most important factor for whether a ML project succeeds or fails; (2) If the 
features are numerous, independent from each other and each correlate well with the output variable, 
then learning is easy. In this research, we therefore focused on finding relevant features related to 
conscientiousness and neuroticism within the set of features used in existing research. 

3 Method  
We conducted a systematic literature review based on guidelines (Okoli and Schabram, 2010; Webster 
and Watson, 2002). We defined a search strategy and search query that gave us a total of 262 potentially 
relevant articles. A manual filtering reduced this to 17 relevant articles. 
Our search strategy included top IS journals, i.e. the Senior Scholar’s Basket of Journals of the 
Association for Information Systems (AIS). We also considered the journals Computers in Human 
Behavior, and Social Network Analysis and Mining, as these journals appeared during our exploratory 
search to be relevant outlets. Finally, the exploratory search also revealed that most relevant research 
was published in conferences and journals of the Computer Science community, and therefore we also 
included the ACM Digital Library and IEEE Explore to the list of relevant databases. 
We chose our method for analysis to fit the research question and the articles obtained in the search 
process. In our research question, we ask for the most relevant features. More precisely, we are interested 
in finding the features that have been most relevant not within, but across the different studies. We 
therefore created a list of features which had the greatest correlation with either conscientiousness or 
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neuroticism across all articles. However, due to limitations in the kind and level of detail of reported 
results, this only covered 7 of the relevant articles. For the remaining articles, we instead noted the 
features that they have found relatively most useful within their particular study. 

4 Results 
We considered only features that had an absolute correlation value with either conscientiousness or 
neuroticism of at least 0.2. This corresponds to something between a small (0.1) and a medium (0.3) 
effect size, according to Cohen (1992). 
It turns out that many features derived from content (classes of words and other text characteristics), 
have been revealed as good for predicting both conscientiousness and neuroticism, at least on Facebook 
and Twitter (Adalı and Golbeck, 2014; Golbeck et al., 2011b), with absolute correlations up to 0.38. 
Furthermore, features based on who messages whom and in which patterns (Adalı and Golbeck, 2014)  
also showed up numerously (up to 0.34 absolute correlation). In contrast, smartphone studies  
(Chittaranjan et al., 2011) contributed only a single feature (“YouTube” use), however it is the highest 
correlation overall (0.44), highly predictive of low conscientiousness. Having contacts that write very 
long messages is associated with low conscientiousness on Twitter (Adalı and Golbeck, 2014). The 
same holds for the use of negation words (e.g. no, not, never) in one’s tweets, or having a variety of 
balancedness of communication across different contacts. 
For neuroticism, the use of words related to religion or hearing are most (and positively) correlated 
(Golbeck et al., 2011a), as are deviations from a person’s average message length across her contacts 
(Adalı and Golbeck, 2014). A special case is the use of exclamation marks (Golbeck et al., 2011a), as 
this is associated both with high conscientiousness as with high neuroticism: Most other features that 
correlate with both traits do so with opposite signs, i.e. have a positive correlation with one and a 
negative one with the other. 

5 Discussion 
With respect to our research question, we’ve been able to compile a list of existing research studies that 
investigate APR, which allowed us to consider the features that were used, and their relevance with 
respect to predicting conscientiousness and neuroticism. Our list of most relevant features is a first step 
towards improving the state of the art in personality recognition and building HIT-based interventions 
that consider personality change and automatically take into account the personality traits of the user, 
without obtrusively requiring additional manual input. 
From this list and from the features that are mentioned as particularly predictive without indicating the 
correlation, we found that for conscientiousness, features relating to media consumption (video) and 
creation (photo) were highly relevant, as well as features related to communication style (use of 
negations), and features relating to the behavior of social contacts and variety of balancedness of 
relationships. For neuroticism, we found that features relating to the use of words of particular classes 
(religion, hearing) were particularly relevant, as well as variation in message length across contacts, and 
communication style (use of exclamation marks). 
It is noteworthy that in our list of most correlated features, there is only one feature from a smartphone-
based study that reports correlations (Chittaranjan et al., 2011). The absolute values of the correlations 
that they found are in fact rarely above 0.1. This is, however, only true for correlations concerning their 
entire population: They found different and higher correlations when considering male and female 
subjects separately. This is something that all future studies should consider: If a reliable indication of 
gender is available, it may boost prediction performance.  
We point out that our approach has the following limitations with respect to the across-studies analysis: 
First, it does not consider independence of features. Unfortunately, this is not possible as mutual 
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correlations are not reported in the articles, and furthermore we could only speculate about how features 
from different studies would be correlated if used in a single study. Second, it does not consider the 
interdependence of features. As described in Guyon and Elisseeff (2003), a set of features that are each 
individually uncorrelated with the target variable, may be extremely useful for prediction through their 
combined use. Finally, it does not consider the size of the populations within which the correlations 
were found. Correlations found within smaller populations have a larger margin of error (Niven and 
Deutsch, 2012). 

6 Future Work 
As a next step in our research, we are going to design and evaluate a HIT-based intervention that detects 
the degree of conscientiousness and neuroticism and aims to support individuals affected by 
noncommunicable diseases and willing to adapt their personality with the overall goal to improve their 
health and well-being. In particular, we will use the insights from this literature review to implement a 
smartphone-based digital health intervention for recognizing these personality traits, tracking them over 
time and providing tailored personality-change interventions, accordingly. 
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