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ABSTRACT 
We present a theoretical foundation and empirical findings 
demonstrating the effectiveness of personality-targeted 
design. Much like a medical treatment applied to a person 
based on his specific genetic profile, we argue that theory-
driven, personality-targeted UI design can be more effective 
than design applied to the entire population. The empirical 
exploration focused on two settings, two populations and 
two personality traits: Study 1 shows that users’ 
extroversion level moderates the relationship between the 
UI cue of audience size and users’ contribution. Study 2 
demonstrates that the effectiveness of social anchors in 
encouraging online contributions depends on users’ level of 
emotional stability. Taken together, the findings 
demonstrate the potential and robustness of the 
interactionist approach to UI design. The findings 
contribute to the HCI community, and in particular to 
designers of social systems, by providing guidelines to 
targeted design that can increase online participation.  
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INTRODUCTION 
Understanding how psychology can inform the design of 
social technologies has been the subject of extant HCI 
research in recent years [13, 22, 44, 47]. While the design 
of web-based applications to support social participation 
has been largely based on intuition, trial and error [43, 62], 
researchers of social participation in online settings have 
been trying to develop theories that will guide practice. To 
date, much of the HCI research in the area has focused on 
the general user population, overlooking personality 

differences. In these design-based studies, controlled 
experiments are used to test the effect of UI design features 
on user behavior, building on psychology theories to inform 
design choices [13, 22, 47]. This approach enables 
researchers to draw conclusions about design effectiveness. 
However, to date, studies based on this approach did not 
take into account differences in users’ fundamental 
idiosyncratic attributes, such as their personalities or 
motivations; in other words, to follow a medical metaphor, 
this is equivalent to testing the effectiveness of a medical 
treatment by providing it to all patients, regardless of their 
specific genetic make-up.  

We argue that an understanding of personality differences is 
essential for designing HCI for online participation, as 
different personalities are expected to respond differently to 
design cues. Drawing on the interactionist tradition in 
psychology research [17, 67], whereby situation and 
personality interact to determine people’s behavior, we 
combine controlled experiments, design manipulations, 
surveys, and system data, to test the effectiveness of design 
features that target participants’ idiosyncratic personal 
attributes. The Psychology literature is divided on the 
extent to which personality traits are viewed as stable and 
could predict behavior. While the “personality” approach 
focuses on individual differences as the primary predictor 
of behavior, the “situation” approach emphasizes on the 
characteristics of the situation where behavior takes place. 
The interactionist approach tries to bridge these opposing 
views and highlights the joint contribution of personality 
and situation factors to explaining human behavior [17, 35]. 
As such, this perspective incorporates a broader range of 
explanations and allows researchers to test the effect of one 
set of variables while controlling for the other. The 
interactionist perspective has been applied in a variety of 
contexts to explain behaviors such as individuals’ creativity 
[70] and reactions to organizational change [59].  
 

RELATED WORK 
Our approach to applying the interactionist perspective to 
the problem of online participation is inspired by the 
literature on individual differences, technology use and 
online engagement. Studies in that field showed how 
participants’ personal attributes, such as motivations or 
personality traits, are correlated with technology use [49, 
51, 55] and online contribution [25, 57].  
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Relevant to our research is the literature on personalization 
(e.g., [10, 23, 48]). Work in that area often develops a user 
model based on users’ task-specific interactions (e.g. movie 
views by the user in a movie recommender system). In the 
present paper, on the other hand, we classify users based on 
pre-existing categories informed by psychology research 
(personality traits, in this case). In other words, while 
personalization often involves defining user personas based 
on task-specific prior activities, we define user profiles 
based on more fundamental user attributes that transcend 
specific settings. 

In recent years, there is an attempt to explore personality 
differences within the context of HCI. For example, several 
studies have explored the interaction between users’ 
personality and persuasive messages they receive. For 
example, [41] investigated the interaction between the trait 
of “persuadability” and health-related persuasive messages 
on people’s participation in health-related activity; and [40] 
studied how the interaction between personality and 
influence strategies affects online purchase intentions. [34] 
took these ideas to the design of health-promoting mobile 
applications, and studied the effects of the interaction 
between personality and persuasive strategies on people’s 
usage intentions. While such studies had the ultimate goal 
of informing design, they did not directly test the effects of 
UI design manipulations. 

In the related field of adaptive UI, there has been prior 
experimental work on the interaction between personality 
traits and UI design features [30, 53]. The primary objective 
of these studies has been to reduce users’ cognitive load and 
make their interaction with the computer more efficient. 
The differences in goals between such studies and ours 
(reduce cognitive load vs. influence online participation), 
make them different in terms of the applicable design 
manipulations.  

Building on these prior works, the goal of the present paper 
is to investigate the interaction between personality and 
design features on online participation.  
 

THE PROPOSED APPROACH 
Applying the interactionist approach to HCI design, we 
address the following general research question: can 
differences in users’ idiosyncratic personal attributes 
explain the effects of design interventions on users’ online 
participation? Using the medical metaphor mentioned 
above, the proposed approach is analogous to testing the 
effectiveness of a medical treatment being applied to 
individuals based on their specific genetic profile, rather 
than the same treatment applied to the entire population. 
While the proposed approach is applicable in a variety of 
design settings, we use as the setting of this research two 
social recommender systems, following the approach of 
MovieLens [25, 47], a social movie recommender system 
used as an online, live laboratory setting for researchers to 
test the effect of design on user behavior.  

In a recent study [56], we reported a preliminary 
exploration of the interactionist approach, following the 
experimental design outlined in Table 1, in which we 
showed how users’ conscientiousness levels determine their 
response to a particular design intervention (manipulating 
an indicator presenting the number of past contributors in 
an online setting). In the present study we explore new 
design contexts. We describe two studies in which we 
examine how the interaction between personality traits 
(extroversion in Study 1 and emotional stability in Study 2) 
and design interventions (experimental manipulation of 
perceived audience size and social anchoring in studies 1 
and 2 respectively) affect user participation.    

 

 Experimental manipulations  

Personal 
Attributes 

Design 
intervention: low 
level 

Design 
intervention: high 
level 

Low level 
of personal 
attribute  

Outcome for:  

low attribute level 
X low intervention 

Outcome for:  

low attribute level 
X high intervention 

High level 
of personal 
attribute 

Outcome for:  

high attribute level 
X low intervention 

Outcome for:  

high attribute level 
X high intervention 

 Experimental Outcomes 

Table 1. Experimental design: attributes X interventions. 
 
This paper makes several contributions to HCI research. 
Study 1 helps explain the inconclusive evidence concerning 
users’ response to UI indicator of group (or “audience”) 
size, and shows that users’ extroversion/introversion 
moderates the relationship between the UI manipulation 
and users’ online participation. Study 2 expands the limited 
HCI literature on social anchoring. It demonstrates the 
effectiveness of UI indicators that serve as anchors in 
encouraging online contributions depends on users’ level of 
emotional stability. Taking the results of these two studies 
together, we demonstrate the potential and robustness of the 
interactionist approach to UI design in different settings. 
We show that for different combinations of personality 
traits and design manipulation, users’ personal idiosyncratic 
attributes play a significant role in determining the extent to 
which UI design manipulation encourage contribution in 
online social systems. Finally, our study contributes to HCI 
practitioners, and in particular to designers of recommender 
systems, by providing guidelines to targeted design that can 
increase online contributions.  

In the sections that follow, we present two studies - the first 
focuses on the moderating effect of extroversion on the 



relationship between perceived audience size and online 
participation, and the second investigates the differential 
effects of social anchoring on online helping behavior, 
moderated by emotional stability. In each study we present 
the relevant literature, develop hypotheses about the factors 
affecting user behavior, test the hypotheses in an 
experimental setting, and discuss the findings briefly. We 
then conclude the paper with a broader discussion of the 
results, the interactionist approach to UI design, and the 
implications for theory and practice. 
	

STUDY 1: EXTROVERSION, AUDIENCE SIZE AND 
ONLINE CONTRIBUTION 
A large body of research on social technologies has been 
concerned with identifying effective ways to encourage 
contribution of public goods, such as users’ knowledge in 
online settings [6, 7, 9]. A prominent avenue of research 
involved the analysis of the relationship between audience 
size and individuals’ contribution levels [5, 7, 71]. 
However, research in this area offer inconsistent 
perspectives: for example, a study of  Facebook newcomers 
[7] found a positive relation between perceived audience 
size and contribution levels, and [71] found that a reduction 
in the Chinese Wikipedia audience size (as a result of the 
blocking of Wikipedia in mainland China) led to a decrease 
in contributions among those users who were not blocked, 
suggesting a positive relation between contribution and 
audience size. Such empirical findings, however, stand in 
contrast with extant research on  private provision of public 
goods, which suggests that the incentive to contribute is 
inversely related to group size due to free riding [71]. In 
many social technologies and online contribution settings 
(e.g., Wikipedia, yelp, open source software) a potential 
audience size is similar to the group size, since all readers 
can contribute and vice versa. 

We offer a new perspective on such conflicting evidence, 
which allows for examining the response to UI indicators of 
audience size by different types of users. A fundamental 
factor that distinguishes individuals from one another is 
personality - the dispositions and interpersonal strategies 
that explain people’s behavior, and the unique and 
relatively stable patterns of behaviors, shown by individuals 
[72]. A personality trait highly relevant to understanding 
users’ response to the potential audience for their 
contribution is extroversion. Extroversion represents 
sociability, cheerfulness, and optimism, such that extroverts 
seek out new opportunities and excitement [51] and are 
sensitive to positive or pleasure cues in their social 
environment [12]. Introverts, on the other hand, are 
reserved and distant toward other people [32]. 

Extroversion has been associated with different patterns of 
Internet use [58]. Introverts were found to be more likely to 
prefer online to offline communication [16] and to spend 
more time on chat rooms than extroverts [4]. Introverts also 
reported that they can express themselves better in an 

online context than offline [3]. Introverts’ preference for 
online communication can be explained by the “online 
disinhibition effect” theory [58]. This theory [66] states that 
some aspects of online communication may lead to less 
restrained communication and greater self-disclosure 
online. Among these characteristics, the dissociative 
anonymity, invisibility and asynchronicity aspects of online 
communication can make it more appealing to introverts. 
Being anonymous, remaining invisible to others, being 
unable to see others’ physical communicational cues, and 
having time to think about what will be posted can help 
introverts to feel more comfortable online. On the other 
hand, other studies have found that extroverts were more 
likely than introverts to use the Internet to maintain their 
relationships with friends and family, to meet new people 
online and to frequent chat rooms [42]. Extroverts were also 
more likely to use social networking sites for maintaining 
relationships, entertainment and information expression 
[45]. An argument that can explain such results is that 
social networking sites are built around the user’s 
preexisting offline social network [58]. This can make the 
factors that lead to the online disinhibition effect (e.g. 
anonymity) less salient, thus favoring extroverts rather than 
introverts.  

In the present study we test the hypothesis that extroverts 
will respond to a UI design feature indicating audience size 
in a different way than introverts. In other words, we 
hypothesize that users’ extroversion level will moderate the 
relationship between perceived audience size and the 
likelihood they will participate in an online social setting.  

We expect that a small audience size will be associated with 
lower contribution among extroverts and higher 
contribution among introverts. The reasoning behind this 
hypothesis is as follows: extroverts tend to be sociable, 
assertive, talkative and active, whereas introverts are shy 
and reserved [31]. Extroverts also tend to seek rewards, 
with little attention to the potential of negative 
consequences of such pursuit, whereas introverts are more 
oriented toward avoiding punishment than toward gaining 
rewards [32]. A large audience size may represent the 
potential benefit of making the contributor look 
knowledgeable and helpful among a large user population 
(or online “audience”), but also increases the potential for 
evaluation apprehension [15], whereby the presence of 
others leads people to refrain from expressing their views in 
social settings (e.g., classroom, meetings), because they are 
uncertain about how their views will be received [26]. 
Introverts, who seek to minimize the risks associated with 
their behavior, are expected to exhibit greater evaluation 
apprehension when the perceived audience size is larger 
(which increases the likelihood that the views they express 
will be received negatively by someone in the audience), 
and consequently, will tend to contribute less. Extroverts, 
on the other hand, will tend to play up the potential benefits 
of reaching a larger audience who may appreciate their 
contribution, and will therefore be more likely to participate 



when a larger audience is present. Furthermore, extroverts - 
who tend to be sociable and relish the company of others - 
are likely to be encouraged by the prospect of interacting 
with a large audience, whereas shy and reserved introverts 
may be intimidated by this prospect. We acknowledge that 
an alternative hypothesis might be that anonymity and 
identifiability in online communication can change group 
members’ behavior.  The Social Identity model of 
Deindividuation Effects [60, 61] and the online 
disinhibition effect theory have been used to explain how 
anonymity and identifiability in online communication can 
affect the group members differently than in offline 
communication and encourage participation among users – 
such as introverts – who might be more inhibited in offline 
settings. The specific setting of our study, however, makes 
the latter hypothesis less applicable, given that all users 
come from the same graduate school, and therefore the 
perception of complete anonymity may be hard to maintain. 

Study 1: Methodology  
The experimental setting for testing the hypothesis in the 
present study was CourseAgent [21], a community-based 
study planning system for graduate students in the School 
of Information Sciences (iSchool) at the University of 
Pittsburgh. CourseAgent allows students to plan their 
studies and evaluate courses that they have taken, reflecting 
workload and relevance to personal career goals. The 
system serves as a source of knowledge about the suitability 
of graduate courses given specific career goals. Currently, 
the system has over 100 active users.  

During the experiment period, the CourseAgent landing 
page (see Figure 1) invited participants to answer a short 
questionnaire which included personality items. Participants 
were surveyed only once during this period, and the 
response was measured dichotomously as providing – or 
not – at least one course evaluation. Self-report surveys are 
commonly used in social science research to identify 
personal attributes, and have been used extensively in HCI 
and CSCW studies [51, 65]. The two extroversion trait 
questionnaire items used a 7-point Likert scale and were 
taken from the Ten Item Personality Instrument [31], a 
short version of the Big Five instrument which has been 
validated and tested numerous times in prior studies.  

The experimental manipulation included changing the UI 
indicators for audience size. A highly noticeable banner on 
the top of every interface of CourseAgent showed the 
number of visitors during the prior month. These numbers 
were manipulated to include two conditions – of small and 
large audience – applied in random. For the small-audience 
condition, the value assigned to the number of visitors was 
between 7 and 10 (values in this range applied randomly). 
For the large-audience condition, the number of visitors 
was 100 (ranging between 90-110). Figure 1 shows a 
screenshot of the large audience size condition. In 
summary, users were assigned to one of the four 
experimental conditions described in Table 1. 

 

Figure 1. Audience size manipulation: large audience size. 
 
Manipulation check: The low and high values of audience 
size (of roughly 10 and 100 respectively) were established 
after a pilot test conducted by using Amazon Mechanical 
Turk. In that experiment, participants were directed to a 
webpage describing a simple scenario. According to this 
scenario, the participant heard about a web site that 
provides movie recommendations based on users’ ratings; 
when visiting the website,  the participant finds out that its 
number of viewers last month was X (where X is 
manipulated by the researchers and is randomly assigned 
either the low or high audience size values). Having seen 
this, the participant in the pilot study is asked to what extent 
they agree with a statements that the movie reviews website 
has a large audience. Responses ranged between 1 (strongly 
disagree) to 7 (strongly agree) using a Likert scale.  The 
mean responses of the populations’ of the two experimental 
conditions were compared. 161 people took part in this pilot 
study. The low audience size indicator received the average 
score of 4.13 out of 7, and the high audience size indicator 
received the average score of 4.94. A t-test was used to 
compare the means, and difference between them was 
found to be significant (p<0.001). The results supported the 
assumption that the two anchors represent large and small 
audience size. 

Study 1: Data analysis 
We first distinguished between extroverts and introverts by 
performing a median split, such that respondents whose 
extroversion score was above the sample median were 
classified as high-extroversion and those below the median 
as low-extroversion respondents. Cronbach’s alpha of the 
extroversion responses was 0.77, representing satisfactory 
reliability. The independent variables in the analysis 
included extroversion (high = 1, low = 0), perceived 
audience size (high = 1, low = 0), and the interaction 
between them. We were interested in understanding how 
the independent variables affect the likelihood that a user 
will decide to contribute. Therefore, the outcome variable 
was contribution, defined as providing at least one 
evaluation (Evaluated = 1, Not evaluated = 0). In order to 



examine the effects of personality and design, as well as 
their interaction, and due to the dichotomous outcome 
variable, we used a factorial logistic regression in the 
statistical analysis. 

Study 1: Results and discussion 
Overall, 53 people participated in this study, of which 31 
(58.5%) were women. The average age was 28.3 
(stdev=7.1). On average, participants contributed 1.9 
evaluations and 43.4% of them contributed at least one 
evaluation. A between-subject comparison showed that 
contribution was characterized by power-law distribution. 
Examining the effect of the audience size alone, revealed no 
significant difference in contribution rate: 44.0% of those in 
the large audience condition and 42.9% of those in the large 
audience condition provided at least one evaluation. In 
other words, on average, audience size did not lead to more 
participation. However, as expected, a closer look at the 
participation rates of the sub-populations, considering both 
the external manipulation and the users’ extroversion level, 
revealed a more intricate relationship (see Figure 2). 

 

Figure 2. The differential effects of audience size: audience 
size and contribution are related positively among extroverts 

and negatively among introverts. 
 
The results of the logistic regression showed that the main 
effects of the independent variables were not statistically 
significant (B=-.59, Wald=.58, p=.45 for extroversion and 
B=-1.50, Wald=2.52, p=.11 for audience size). Examining 
the focus of our analysis, the interaction between audience 
size and extroversion level and its effect on contribution, 
was found to be significant, in the expected direction 
(B=2.68, Wald=4.73, p<.05).  

The findings support the hypothesis that the interaction 
between extroversion and audience size is such that 
perceived large audience size is associated with increased 
contribution among extroverts and decreased contribution 
among introverts, whereas perceived low audience size will 
be associated with increased contribution by introverts and 
decreased contribution by introverts (see Figure 2). 

The results call into question the effectiveness of a common 
practice in the design of social technologies, and highlight 
the potential effectiveness of a more nuanced person-
situation interactionist approach: providing cues that 
emphasize the potential for a large audience size may be an 
effective way to increase participation among extroverts, 
but should be avoided when users are more introvert. Future 
work is needed in order to identify other personal attributes 
- such as social orientation or community commitment - 
that may interact with perceived audience size. As a 
practical matter, surveying new users about their 
personality traits as part of their joining process could 
provide a minimally intrusive way to learn about users’ 
personal attributes. With such information, social systems’ 
designers can develop adaptive user experience, which 
include theory-driven design cues based the idiosyncratic 
personal attributes of users. 
 

STUDY 2: EMOTIONAL STABILITY, SOCIAL 
ANCHORING AND CONTRIBUTION 
Human judgment tends to be influenced by anchoring: 
when asked to make a quantitative judgment, people are 
often influenced by externally presented information when 
such information is available to them [52]. Anchoring is 
seen as one of three basic heuristics in intuitive judgment 
[39]. Extant psychology research demonstrates the 
cognitive effects of anchoring: experimental manipulation 
of the initial values, or anchors, leads to estimates that are 
biased toward the anchor [18, 28]. As a result, studies of the 
effects of anchoring on human behavior were carried out in 
a variety of disciplines, including finance [36], law [33] and 
marketing [1]. Some of the psychological mechanisms 
underlying anchoring are confirmatory hypothesis testing, 
numeric or magnitude priming, and insufficient adjustment. 
Recent studies took a broader view of anchoring and 
adopted an attitudes and persuasion perspective, focusing 
on the social context in which anchors arise [69]. We use 
the term social anchoring to refer to an anchoring effect 
where the social context, and in particular the anchor’s 
source, elicit processes of persuasion and social influence 
and affect judgment [19].  

Generally speaking, HCI research on the effects on 
anchoring has been relatively scarce [2], with the notable 
exception of [11], who found that when users of a movie 
recommender system were asked to re-rate movies while 
(experimentally manipulated) “predicted” rating were 
presented to them, they tended to change their rating toward 
the “prediction” anchor. More recently, [2] showed that 
users’ ratings can be influenced by a recommender system’s 
(experimentally manipulated) anchors, and that the effects 
of anchoring can be separated from the effects of the 
system’s perceived reliability. We build on this prior work 
and extend it to explore whether some people are more 
sensitive to anchoring than others.  



The interaction between personality traits and anchoring 
has been the subject of recent research. For example, it was 
shown that individuals who are high in the openness-to-
experience personality trait were significantly more 
influenced by anchoring cues relative to participants low in 
this trait [52], and [20] found that those high on 
agreeableness and conscientiousness but low on 
extroversion were more susceptible to anchoring. In 
contrast, [27] found no significant interaction between 
anchoring cues and the personality traits of openness-to-
experience. Our focus is on the personality trait of 
emotional stability, sometimes known as the opposite of 
neuroticism [54, 68], which we take to be highly relevant 
for the anchoring context: people characterized by high 
emotional stability tend to be secure and self-assured [12], 
whereas those who are low in emotional stability (i.e. high 
in neuroticism) tend to be insecure and self-doubting and 
experience the world as distressing [14]. We argue that 
emotional stability has the potential to explain user 
behavior in the presence of anchoring: since individuals 
who are high in emotional stability tend to be more secure 
and self-assured, we expect that they will be less 
susceptible to the influence of social anchoring cues. 
Individuals who are high on neuroticism, on the other hand, 
tend to have an external control of reinforcement [37, 38]. 
Internal versus external control (i.e. ‘locus of control’) 
refers to the degree to which people believe events in their 
life and rewards they receive are the result of their own 
behavior or outside of their control [63, 64]. Hence, because 
those high in neuroticism tend to be externally focused, we 
expect them to be more susceptible to the influence of 
others, and in particular to be more influenced by anchors 
representing the opinions of others. In sum, we hypothesize 
that the effect of social anchoring cues on users’ rating will 
be weaker among high- emotional stability participants 
compared to low- emotional stability participants. 

Study 2: Methodology   
We tested our hypothesis using a simulated online 
recommender system called PetLink which we developed 
as an experimental platform. PetLink is presented as a 
research project in need of feedback from users: its landing 
page invites participants to answer a very short personality 
questionnaire, and a simulated recommender system returns 
a picture of a pet that purports to present the “best match” 
for the participant’s personality (see Figures 3-5). The 
PetLink environment facilitates the implementation of a 
2X2 factorial experimental design illustrated in Table 1, 
consisting of: (1) measurement of personal attributes 
(through a short questionnaire), (2) design intervention, and 
(3) opportunities for users to rate the accuracy of the 
recommendation and provide feedback. As such, PetLink 
serves as an experimental platform through which we can 
address research questions on the interactions between 
personal attributes, design choices, and user behavior.  
 

 

Figure 3. PetLink landing page screenshot.  
 
Participants in the study were recruited via Amazon 
Mechanical Turk. They received $0.05 and took part in the 
study only once. Participants were led to believe that 
PetLink is part of an academic research project involving 
the development of a technique to match respondents’ 
personality traits and the pet that would suit them most. 
This was communicated to participants in a recruitment 
announcement, and on the PetLink site itself.  

The PetLink landing page (see Figure 3) invited participants 
to answer a short personality questionnaire. The two 
emotional stability questionnaire items used a 7-point 
Likert scale and were adapted from the Ten Item 
Personality Instrument [31], a short version of the Big Five 
instrument.  

 

Figure 4. PetLink image page screenshot. 
 
After filling out the short questionnaire respondents were 
presented with their purported “best match” (see Figure 4): 
an image of an animal based on the responses to the survey 
questions, such that each combination of responses was 
associated with a specific pet image. Unbeknown to the 
respondents, the system consistently, but arbitrarily, paired 
certain images with certain personality profiles, with no 
attempt to match images to personalities. At this stage, 
respondents were requested to rate the quality of the match 
on a five-star scale (see Figure 4). In line with the 
experimental design presented in Table 1, a median split 
was performed such that respondents with an emotional 
stability score above the sample median were classified as 



high- emotional stability participants, and those below the 
median as low- emotional stability. 

The experimental manipulation consisted of high and low 
social anchor level: In addition to the image, respondents 
were also presented with information about the average 
rating for the particular pet image presented to them (along 
the lines of UI design common on popular recommender 
systems such as Amazon or Netflix). The “Average Rating” 
value (see Figure 5), representing the social anchor, was 
experimentally manipulated and randomly assigned either 
high level (4.5 stars) or low level (1 star). 

 

Figure 5. Experimental manipulation: two anchor values. 
 
In summary, at this stage all users were assigned to one of 
the four experimental conditions described in Table 1, and 
following a between-subjects study design, their responses 
were compared. 

Study 2: Data analysis 
Overall, 375 people participated in this study, of which 
47.2% were women. The average age was 28.7 (stdev=9.9). 
249 participants (66.4%) provided rating. Cronbach’s alpha 
of the emotional stability responses was 0.74, representing 
satisfactory reliability. To test our hypothesis that anchoring 
is less effective among people with high emotional stability, 
we ran a regression with the independent variables of 
emotional stability (high emotional stability = 1, low 
emotional stability = 0), perceived social anchor (high = 1, 
low = 0), and the interaction between them. The outcome 
variable was the average rating (ranging between 1-5 stars) 
provided by the participants.  

Study 2: Results and discussion 
The average rating among participants in all experimental 
conditions was 3.04. Consistent with prior studies, ratings 
were biased toward the anchors, with mean rating = 3.36 
among high-anchor participants and 2.71 and among low 
anchor participants. The results of the regression revealed 
an insignificant main effect of emotional stability (p=.6) 
and a significant effect of perceived social anchor (p<.01). 
As expected, both the regression and an ANOVA revealed 
that the interaction between the independent variables was 
significant (p<.05), thus supporting our hypothesis: on 
average, all participants were susceptible to anchoring (i.e., 
provided higher rating when shown the high social anchor), 

however, the effect of anchoring on high emotional stability 
participants was weaker than its effect on low emotional 
stability (neurotic) participants (see Figure 6).  

 

Figure 6. The differential effect of social anchoring: high 
Emotional Stability participants are less susceptible to social 

anchoring than low Emotional Stability participants. 

The results highlight the potential effectiveness of the 
personality targeted interactionist approach: anchoring may 
be a universal phenomenon, but its magnitude is highly 
person-specific. From an interaction design perspective, 
using anchors as a way to influence behavior is more 
effective among some users, and further work is needed to 
identify other personal attributes that may influence the 
effect of anchoring. Another related open question concerns 
the identification of other UI design interventions that may 
interact with the Emotional Stability personality trait. 
 
OVERALL DISCUSSION AND CONCLUSIONS 
In the two studies described here, we tested the 
effectiveness of personality-targeted design approach as a 
way to influence participants and increase their 
participation. Specifically, by focusing on audience size and 
social anchoring cues, we sought to examine relatively 
popular HCI design practices (namely, displaying others’ 
behavior, including others’ rating and the number of others’ 
prior visits), in order to (1) demonstrate how insights from 
psychology research can be used in novel ways in an HCI 
context to improve the effectiveness of social technologies, 
and (2)	use HCI design as a large-scale experimental tool 
through which to contribute to psychology research.  

The UI design cues we tested were shown to have a 
differential effect on participants with different levels of the 
extroversion and emotional stability, supporting our 
hypotheses and illustrating the potential value of 
personality-targeted design.  

While specific design implications were discussed for each 
study separately, a more general implication from the 
findings is that we cannot necessarily expect indicators of 



community’s activity (such as audience size, or others’ 
rating) to equally affect all participants . Instead, a more 
nuanced, targeted approach to UI design is needed. This is 
made particularly evident in the case of Study 1, where 
displaying the number of other users’ past visits led to 
effects in opposite directions (see Figure 2). These effects 
cancel each other out when not considering the personal 
attributes of users. In other words, certain design 
intervention may seem ineffective, whereas a closer look at 
the interaction between these intervention and the users’ 
attributes will reveal effective ways to encourage 
contribution. 

More broadly, our proposed approach to targeted design 
highlights the need to tailor design features to personality or 
other idiosyncratic personal characteristics, such that front-
end and back-end design features will cater to users’ 
particular personal attributes. In recent years, a number of 
studies have investigated the effects of users’ personal traits 
on UI design. Studies on persuasion strategies have shown 
how personality determines people’s reaction to persuasive 
messages [40] and have suggested that this approach is 
applicable to the design of system interfaces [34]. Studies 
on adaptive UI have demonstrated that personality-based 
design can reduce users’ cognitive load [30, 53]. Our 
studies build on and extend such prior work, showing that 
personality-targeted design can enhance online 
participation. 

Another implication of our results is the need to explore 
systems that can automatically adapt their features to users’ 
personal attributes. In the area of e-learning, where survey-
based assessment of learner individual traits is common, 
research on adaptation to individual traits has already 
become popular [24]. To reduce users’ burden of answering 
long personality questionnaire, designers may survey new 
users as part of their joining the system, or make it part of a 
game-like activity (such as PetLink).  

Recent research opens interesting prospects for unobtrusive 
adaptation to user personal traits. Since the survey approach 
used in the present study may be less appropriate in other 
kinds of interactive systems, there are less intrusive 
methods for automatically detecting aspects of users’ 
personality. Such methods may include a measurement of 
invariable traits and dispositions (e.g., by creating a user 
profile), or even capturing users’ transient preferences and 
attitudes such that the UI is not only personalized across 
users but also tailored to a users’ particular attitude at 
particular points in time. Recent research has demonstrated 
the feasibility of recognizing user traits in "rich" multi-
modal and dialog interfaces [30, 46, 50], and in Web and 
mobile phone interfaces [8, 29].  

A limitation of the studies presented here stems from their 
experimental design: by exploring one design intervention 
and one personal attribute at a time, we limit the scope of 
the findings. Future work may address this by examining 
simultaneously a larger number of interventions and 

personal attributes. Another limitation is the measurement 
of personal attributes at a single point in time. 

Future research may also involve the differential effects of 
a larger set of design interventions in a wider range of 
contexts, including mobile and haptic interfaces. It may also 
consider a wider range of personal attributes, beyond 
personality traits, such as motivations and context-specific 
attitudes. The present study demonstrates the utility of 
considering such factors, simultaneously, in the design of 
social technologies. 
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