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ABSTRACT:

Information has emerged as being the fourth production factor and is becoming increasingly important in
global competition. Research shows that managerial decision making is directly correlated to both, the
swift availability, and subsequently the ease of interpretation of the relevant information. A holistic picture,
including the relevant key performance indicators of the company, zooming between the micro and the
macro environments, as well as the ability of the involved managers to interpret this information is there-
fore crucial for the performance of a company. The availability of so called ‘big data’ and the ever shorter
cycle time between the identification of an important piece of information and the possible need of the
management to react force traditional business concepts to change. Visualizations are already widely used
to transform raw data into a more understandable format and to compress the huge amounts of data pro-
duced. However, research in this area is highly fragmented and results are contradicting. This paper pro-
poses a preliminary model based on an extensive literature review incl. top current research on cognition
theory. Furthermore an early stage validation of this model by experimental research using structural equa-
tion modeling is presented. The authors are able to identify predicting and moderating variables for infor-
mation perception of visual data.

1 INTRODUCTION

A visual representation of data can be seen as a means to accelerate, as well as to improve
cognition and interpretation [1] of such, and thus should in theory improve rational managerial
decision making. However, such representations so far are used inconsistently in praxis [4] [6]
and sometimes either in a way that misses the purpose of informing the reader in an effective
and efficient way [9] or in a way that may be even misleading or manipulating [3].

According to Conati and Maclaren [5] the success of visualizations should be determined by
the ability of users to retrieve relevant information in an effective and efficient way. In this con-
text the theory of cognitive fit has been used as a research framework, however, results are
somewhat contradicting, often due to the lack of a holistic knowledge in relation to the visual
perception process (e.g.: [2] [7] [10] [22] [26]).

How visualizations affect a user’s perception is a highly complex process as it is influenced by
the task and the data at hand as well as by individual factors such as experience, knowledge or
culture [20] [6] [21] [32]. So far, research in the area of information visualization lacks a means
and method of determining the quality of a graphical representation for such purposes a-priori
[33] [21] taking contextual factors into account.

To advance theory, the authors introduce a triangulated and validated holistic model based on
structural equation modeling to allow the a-priori evaluation of cognitive effectivity and efficien-
cy, while remaining adaptive to individual recipients’ differences by incorporating the cognitive
burden a visualization presents to its reader.

This paper is structured as follows: In the next section there is an outline of the theoretical
foundations of information visualization before stating the research questions in the third sec-
tion. Part four introduces the methodology and the last section outlines preliminary results of the
developed model.
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2 THEORETICAL BACKGROUND

The model is based on information processing theory and its further stage cognitive load theory.
Information processing theory provides knowledge on the perceptual process and is divided into
three essential stores: sensory store (reception of environmental information for a few seconds),
short-term memory (temporarily store that analyses, deconstructs and synthesizes information),
and long-term memory (responsible for creating and saving mental constructs or schemas) [17].
Cognitive load theory provides guidelines on how to foster information retrieval and learning by
enhancing either germane cognitive load by using standardized or well-known formats or by
enhancing extraneous cognitive load by using the right visualization formats and designs [18].

For enhancing the extraneous cognitive load cognitive fit theory is important. It states that vis-
ualization always needs to fit the task at hand because the problem solver does not need to
exert additional cognitive effort to either transform the problem representation to better match
the task or to transform their decision processes to better match problem representation [30].
However, as mentioned in the introduction this theory produced contradicting results, indicating
that other influences might be relevant as moderator and mediator variables.

Based on an extensive literature review (initial search: 1.952 articles; after abstract sorting
based on the content: 237 articles) four essential dimensions of information visualization could
be identified:

¢ Visual Complexity: Visual complexity is the degree of difficulty to transform an image into a
consistent verbal description of the designer and the recipient of the visualization [32].
Ziemkiewicz and Kosara [33] claim that telling “meaningful stories is the goal of visualiza-
tion...but stories can rise up purely from differences in shape and arrangement.” Two com-
ponents determine visual complexity, namely the used visualization type and the design or
structure of a given visualization [19] [14] [15].

e Task Complexity: Task complexity has three variables: task type, task difficulty (or complex-
ity) and task environment [27]. For task type two essential classifications could be found:
first spatial (determining relationships and making comparisons) and symbolic tasks (use of
discrete data values) by Vessey [30], and second accumulation (acquiring and recalling a
single information cue), recognition (recognizing patterns and relationships between 2-3 in-
formation cues), estimation (identifying trends between numerous information cues), and
projection (making projections to future values) by Hard and Vanecek [12]. Task difficulty
can either be calculated objectively or tested subjectively by asking participants, and task
environment represents time constraints, task interruptions etc. [28].

o Data Complexity: Data complexity combines data type and data density. For data type the
accompanied dimensions need to be considered [16] and for data density the amount of da-
ta compressed in a visualization [11].

¢ Individual Complexity: Individual complexity can be clustered into three fundamental dimen-
sions: Cognitive traits representing a persons’ working memory ability, cognitive states rep-
resenting situational and emotional influences and experience and biases [21]. Situational
and emotional states revere to a persons’ origin and current state. Of particular interest in
conjunction with visual representations are knowledge and expertise, experience, decision
making style, gender, and culture for the origin part as well as motivation, concentration and
emotional issues that might focus attention [1] [13] [17] [18]. From the perspective of this
research driven by cognitive load theory, prior knowledge, experience and expertise do
have a high influence on information processing in terms of efficiency and effectivity [17].
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An overview of the model as well as the possible dependencies, interdependencies and inde-
pendencies can be seen in figure 1 (red framed are the dimensions are varied in this study to
evaluate relationships, while the grey shaded ones were held constant. Later tests will vary).
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Figure 1. Data Visualization Score (DVS) Model

3 RESEARCH QUESTIONS

Despite early individual studies on correlations, there is a lack of research on a more holistic
level, bringing these together into a unified model to predict the quality of visualization for man-
agerial decision making. Therefore the following research question arises: How can a model be
created to predict the goodness of a visualization for a certain task at hand considering a specif-
ic target audience? The variable TC was objectively measured by looking at behavioral acts and
information cues caused by the used information visualization and its data density. The authors
then came up with a preliminary model based on the main dimensions as laid out before. In a
first step this model is now transformed into structural equations to cater for the interdependen-
cies; and an early validation test is reported in this paper. The hypotheses we are looking out for
in particular are:

H1: Does a lower task complexity (TC) improve Efficiency in cognition?

H2: Does a lower task complexity (TC) influence the correct interpretation of the data (Effectivi-

ty)?

4 METHODOLOGY

To operationalize the underlying variables, a mix of quantitative data collection methods is used,
amongst: eye tracking experiments to gain insights into the scanning strategies and to analyze
areas of interest in more detail, a validated, literature based questionnaire on cultural dimen-
sions, an automated working memory span task to gain insight into the impact of working
memory capacity on the ability to interpret visual information and several scores generated to
assure all identified possible influences are either recorded or controlled by the experimental
design. The experiment is designed as a double-random, between-group study and participants
are assigned randomly to one of the groups. Participants engage in the experiment by perform-
ing four tasks of various complexities upon four varying visualization formats. Aim-oriented tasks
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are used because, based on observations, most people view graphs in order to obtain specific
information [15]. Task types are used according to the classifications based on the cognitive fit
theory [30] and in congruence with Hard and Vanecek [12], as those are the most cited classifi-
cations. Task complexity is calculated according to Wood [31] and is dependent on the visuali-
zation type used because it is predetermined by behavioral acts and information cues accom-
panied. Visualizations are designed and measured in accordance with literature and based on
results of prior studies.

As mentioned eye tracking methodology is applied in this experiment. The experiment is con-
ducted in a laboratory setting with consistent (artificial) light. Additional noise and other possible
distractions are minimized. A remote eye tracker (SMI RED500 with a sample rate of 120 Hz), a
nine point calibration, and, to ensure a minimum head movement during the recording, a head-
rest are used. After a maximum of ten minutes a recalibration is conducted to ensure a high
quality data collection.

Participants of this initial validation trial are 23 students from the University of Applied Scienc-
es Upper Austria. Task performance comparison between different participants and different
experimental conditions is used to determine the effect of the independent on the dependent
variables, creating 100 individual impressions for the calculation of the path weights.

The following table summarizes the variables from the framework of information visualization
and their operationalization. Due to space limitations in this paper, the full variable specifications
can be downloaded from the authors upon request.

Table 1. Overview on the variables, their operationalization and statistics

Variable Measure Operationalization and Statistics
Subijective visual Subjective visual complexity Assessment of the different visualization
complexity score types by the participants (Likert Scale)

Measure for objective task complexity by
Task complexity Task complexity score Wood [31] and different task types by Hard
and Vanecek [12]

Data Complexity Data complexity score Quantity of information

Individual Complexity

Automated working memory span tasks

Cognitive traits Working memory capacity (based on E-Prime) by Redick et al. [23]

Questionnaire on cultural dimensions
Cognitive states Assessment based on questions based on Hofstede
(http://www.geerthofstede.nl/vsm-08)

Experience and bi-

ases Assessment based on questions Questions

Effectivity Task accuracy Answers to tasks

Task completion time;
Efficiency Scanning Strategies (sequential Eye Tracking Measures; Time
order strings)

In order to estimate the parameters of the underlying conceptual model, the authors turn to
structural equation modeling (SEM) - in particular to variance-based SEM because of its mild
distributional assumptions [24] and fewer convergence problems. The authors apply a version of
partial least square path modelling because of its widely demonstrated capabilities of approxi-
mating latent variables using linear composites of observed variables.

As this model is at a relatively early stage, the authors want to be able not only to compute the
path-coefficients, construct correlations and indicator weights, but also to derive an overall

FFH2015-WIWI1-4 S.4


http://www.geerthofstede.nl/vsm-08

goodness-of-fit to compare with later, refined models. In order to do so, the authors thus trans-
cend the classic PLS computation by using consistent and asymptotically normal PLS estima-
tors for their equations [8]. This computation was supported by the software Smart PLS [25].

5 PRELIMINARY RESULTS AND DISCUSSION

The results of the study are a first step in order to validate the developed model. The endoge-
nous variables and the weights of the formative indicators are displayed underneath.
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Figure 2. Model for DVS (Consistent PLS after Bootstrapping 1000 subsamples), significant if T
score>1,96

Path Coefficients OS T Statistics p-values
TaskComplexity => SubjectiveVisualComplexity 0,55 6,18** 0,00
LongShortOrientation => WorkingMemory -0,47 5,72** 0,00
SubjectiveVisualComplexity => Efficiency 0,42 4,11* 0,00
LongShortOrientation => Effectivity 0,35 3,26** 0,00
ExperienceChart => Effectivity -0,29 2,91** 0,00
DataComplexity => SubjectiveVisualComplexity 0,20 2,71** 0,01
ExperienceChart => WorkingMemory 0,21 2,60** 0,01
WorkingMemory => Effectivity 0,33 2,54** 0,01
TaskComplexity => Effectivity -0,38 2,50** 0,01
TaskComplexity => Efficiency 0,26 2,49** 0,01
UncertaintyAvoidance => Effectivity -0,17 2,02* 0,04
UncertaintyAvoidance => WorkingMemory 0,16 1,89° 0,06
DataComplexity => TaskComplexity 0,11 1,60 0,11
Experience => WorkingMemory 0,25 1,36 0,18
UncertaintyAvoidance => Efficiency 0,11 1,24 0,21
WorkingMemory => SubjectiveVisualComplexity 0,12 1,12 0,26
ExperienceChart => Efficiency -0,08 0,99 0,32
WorkingMemroy => Efficiency 0,10 0,90 0,37

Table 2. path coefficients statistics sorted by p, excerpt through p<0,4.** significant p<0,01, * p<0,05,
°p<0,1

FFH2015-WIWI1-4 S.5



6 INTERPRETATION AND CONCLUSION

H1 asked whether a low task complexity (TC) improves efficiency in cognition and H2 for its
influence on the effectivity (correct interpretation). As we can see in table 2, TC predicts Effi-
ciency and Effectivity at a significance level of p=0.01. Therefore we can confirm both hypothe-
ses. Overall adjusted model R? for Efficiency is 34.3% and for Effectivity it is 33.3%.

Besides the confirmed factor TC, the main predictors for effectivity are cultural dimensions
(long vs short-term orientation index and uncertainty avoidance index), experience with the pre-
sented chart-type and working memory capacity; while the main predictors for efficiency are the
subjective visualization score and as confirmed, TC. To further validate the model, discriminant
analyses, VIF tests for collinearity and F-tests were conducted and can be downloaded upon
request. Overall, this preliminary study looks promising as it can be seen as an early endorse-
ment of the created model and the DVS. The highly interlinked model allows the authors to cre-
ate an optimal data visualization given a specific task for a specific audience, concerning expe-
rience and various cultural backgrounds. This may have great implications for example for im-
proving standard reports to find an optimal efficient, audience and task adjusted, reporting de-
sign.
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