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Abstract Numbers are not data and data analysis does not necessarily produce information and knowledge. Statistics, data mining, and artificial intelligence are disciplines focused on extracting knowledge from data. They provide tools for testing
hypotheses, predicting new observations, quantifying population effects, and summarizing data efficiently. In these fields, measurable data is used to derive knowledge. However, a clean, exact and complete dataset, which is analyzed professionally, might contain no useful information for the problem under investigation. The
term Information Quality (InfoQ) was coined by [15] as the potential of a dataset to
achieve a specific (scientific or practical) goal using a given data analysis method.
InfoQ is a function of goal, data, data analysis, and utility. Eight dimensions that relate to these components help assess InfoQ: Data Resolution, Data Structure, Data
Integration, Temporal Relevance, Generalizability, Chronology of Data and Goal,
Construct Operationalization, and Communication. The eight dimensions can be
used for developing streamlined evaluation metrics of InfoQ. We describe two studies where InfoQ was integrated into research methods courses, guiding students in
evaluating InfoQ of prospective and retrospective studies. The results and feedback
indicate the importance and usefulness of InfoQ and its eight dimensions for evaluating empirical studies.
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1 Introduction and Motivation
The term Intelligent Data Analysis (IDA) implies an expectation that data analysis will yield insights and knowledge. Research and academic environments focus
on developing intelligent tools for extracting information from data. Statistics education is typically aimed at teaching analysis quality. Godfrey [10] describes low
quality of analysis as “poor models and poor analysis techniques, or even analyzing
the data in a totally incorrect way”. The book Guide To Intelligent Data Analysis [4]
has the subtitle How to Intelligently Make Sense of Real Data and is focused on pitfalls that lead to wrong or insufficient analysis of results. In other words, intelligent
most often refers to the analysis quality.
While analysis quality is critically important, another key component of IDA is
the usefulness of a particular dataset for the problem at hand. The same data can
contain high-quality information for one purpose and low-quality information for
another purpose. An important question that arises both in scientific research and
in practical applications is therefore: what is the potential of a dataset to achieve a
particular goal of interest? This is related to the Zeroth Problem, coined by Mallows
[18], which is the general question of “how do the data relate to the problem, and
what other data might be relevant?” Hand [11] notes, “statisticians working in a
research environment. . . may well have to explain that the data are inadequate to
answer a particular question”. Patzer [19] comments: “data may be of little or no
value, or even negative value, if they misinform”.
There is therefore a need to formalize these important aspects of IDA that have
thus far not been formalized. Recently, Kenett and Shmueli coined the term Information Quality, or InfoQ, to define the potential of a dataset to achieve a specific
(scientific or practical) goal using a given data analysis method ([15] with discussion and rejoinder). InfoQ lies on the interface of data, goal, and analyst and is
tightly coupled with the analysis context. This is schematically illustrated in Figure
1.
The focus of this paper is on integrating InfoQ into the thought process of data
analysts, while conducting an active empirical study as well as for ex-post evaluation of empirical studies. We proceed as follows: Section 2 introduces InfoQ,
its components, terminology and formal definition. In Section 3 we describe eight
dimensions of InfoQ that are useful for assessing InfoQ in practice. Section 4 discusses an evaluation methodology, and then describes two studies. The first study
describes the integration of InfoQ into a graduate-level research methods course
at Ljubljana University. The second study describes an InfoQ assignment designed
for ex-post evaluation of empirical studies, and its implementation in a Masters in
Statistical Practice program at Carnegie Mellon University. We conclude and offer
future directions in Section 5.
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Fig. 1 InfoQ depends on data quality and analysis quality, conditional on the goal at hand.

2 Information Quality: Terminology and Definition
InfoQ is a function of several components: data, analysis goal, data analysis method,
and the anticipated utility from the analysis. We describe each of these four components and then define the InfoQ function.

2.1 InfoQ components
Analysis Goal (g): Data analysis is used for variety of purposes. Three general
classes of goals are causal explanation, prediction, and description [21, 22]. Causal
explanation includes questions such as Which factors cause the out-come?” Prediction goals include forecasting future values of a time series and pre-dicting the
output value for new observations given a set of input variables. De-scriptive goals
include quantifying and testing for population effects using data summaries, graphical visualizations, statistical models, and statistical tests. Deming [6] introduced
the distinction between enumerative studies, aimed at answering the question “how
many?” and analytic studies, aimed at answering the question why? Later, Tukey
[23] proposed a classification of exploratory and confirmatory data analysis. Our
use of the term goal generalizes all of these different types of goals and goal classifications.
Data (X): The term data includes any type of data to which empirical analysis can
be applied. Data can arise from different collection tools: surveys, laboratory tests,
field and computer experiments, simulations, web searches, observational studies
and more. Data can be univariate or multivariate (one or more variables) and of
any size (from a single observation in case studies to many observations). It can
also contain semantic, unstructured information in the form of text or images with
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or without a dynamic time dimension. Data is the foundation of any application of
empirical analysis.
Data Analysis Method ( f ): We use the term data analysis to refer to statistical
analysis and data mining. This includes statistical models and methods (parametric,
semiparametric, nonparametric), data mining algorithms, and graphical methods.
Operations research methods, such as simplex optimization, where problems are
modeled and parametrized, fall into this category as well.
Utility (U): The extent to which the analysis goal is achieved is typically measured by some performance measure. We call this measure utility. For example, in
studies with a predictive goal a popular performance measure is predictive accuracy.
In descriptive studies, common utility measures are goodness-of-fit measures. In explanatory models, statistical power and strength-of-fit measures are common utility
measures.

2.2 Information Quality (InfoQ): Definition
Following Hands definition of statistics as The technology of extracting meaning
from data [11], we consider the utility of applying a technology ( f ) to a resource
(X) for a given purpose (g). In particular, we focus on the question What is the
potential of a particular dataset to achieve a particular goal using a given empirical
analysis method? To formalize this question of interest, we define the concept of
Information Quality (InfoQ) as:
In f oQ( f , X, g) = U( f (X | g))

(1)

InfoQ is affected by the quality of its components g (quality of goal definition),
X (data quality), f (analysis quality), and U (quality of utility measure) as well as
by the relationships between X, f , g and U.

2.3 Example: Online Auctions
Some of the large online auction websites, such as eBay, provide data on closed
and ongoing auctions, triggering a growing body of research in academia and in
practice. A few popular analysis goals have been:
•
•
•
•

Determining factors affecting the final price of an auction [17]
Predicting the final price of an auction [8]
Descriptive characterization of bidding strategies [2, 5]
Comparing behavioral characteristics of auction winners vs. fixed-price buyers
[1]
• Building descriptive statistical models of bid arrivals or bidder arrivals [5]
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Given the diverse goals, it is intuitive that one dataset of eBay auctions would hold
different value (InfoQ) in terms of its potential to derive insights.
Let us consider a particular goal for illustrating the components of InfoQ. Econometricians are interested in determining factors affecting the final price of an online
auction. While game theory provides an underlying theoretical causal model of price
in offline auctions, the online environment differs in substantial ways. We consider a
study by Katkar and Reiley [13] who investigated the effect of two types of reserve
prices on the final auction price. A reserve price is a value set by the seller at the
start of the auction. If the final price does not exceed the reserve price, the auction
does not transact. On eBay, sellers can choose to place a public reserve price that is
visible to bidders, or an invisible secret reserve price (bidders only see that there is
a reserve price but do not know its value). InfoQ, in the context of this study, consists of asking the question: “Given the data collected on a set of auctions, what is
their potential to allow quantifying the difference between secret and public reserve
prices using regression modeling?”
Study Goal (g) : Quantify the effect of using a secret vs. public reserve price on
the final price of an auction.
Data (X) : The authors conducted a field experiment by selling Pokemon cards
on eBay. They auctioned 25 identical pairs of Pokemon cards in week-long auctions during a two-week period in April 2000, where each card was auctioned
twice: once with a public reserve price and once with a secret reserve price. The
resulting data included the complete information on all 50 auctions.
Data Analysis Method ( f ) : The authors used linear regression to test for the effect of private/public reserve price on the final auction price and to quantify it.
Utility (U) : The authors used statistical significance (p-value) of the regression
coefficient to assess the presence of an effect for private/public reserve price.
They used the regression coefficient value for quantifying the magnitude of the
effect (they conclude: “a secret-reserve auction will generate a price $0.63 lower,
on average, than will a public-reserve auction”.)

3 Eight Dimensions of InfoQ
Quality of Statistical Data is a concept developed and used in European official
statistics and international organizations such as the International Monetary Fund
(IMF) and The Organisation for Economic Cooperation and Development (OECD).
This concept refers to the usefulness of summary statistics produced by national
statistics agencies and other producers of official statistics. This is a special case of
InfoQ, where the data analysis method ( f ) is the computation of summary statistics. Although this operation might seem very simple, it is nonetheless considered
analysis, because it is in fact estimation. Hence, InfoQ is more general. Quality of
statistical data is evaluated in terms of the usefulness of the statistics for a particular
goal. The OECD uses seven dimensions for quality assessment: relevance, accuracy,
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timeliness and punctuality, accessability, interpretability, coherence, and credibility
( Chap 5 in [9]). We use a similar framework to determine InfoQ dimensions.
Taking an approach similar to data quality assessment, we define eight dimensions for assessing InfoQ that consider and affect not only the data and goal, but also
the analysis method and utility function. With this approach we provide a decomposition of InfoQ that can be used for assessing and improving research initiatives or
ex-post evaluations.

3.1 Data Resolution
Data resolution refers to the measurement scale and aggregation level of X. The
measurement scale of the data should be carefully evaluated in terms of its suitability
to the goal, the analysis methods to be used, and the required resolution of U. Given
the original recorded scale, the researcher should evaluate its adequacy. It is usually
easy to produce a more aggregated scale (e.g., two income categories instead of ten),
but not a finer scale. Data might be recorded by multiple instruments or by multiple
sources. To choose among the multiple measurements, supplemental information
about the reliability and precision of the measuring devices or data sources is useful.
A finer measurement scale is often associated with more noise; hence the choice of
scale can affect the empirical analysis directly. The data aggregation level must also
be evaluated relative to the goal.

3.2 Data Structure
Data structure relates to the type(s) of data and data characteristics such as corrupted
and missing values due to the study design or data collection mechanism. Data types
include structured numerical data in different forms (e.g., cross-sectional, time series, network data) as well as unstructured, non-numerical data (e.g., text, text with
hyperlinks, audio, video, and semantic data). The InfoQ level of a certain data type
depends on the goal at hand.

3.3 Data Integration
With the variety of data source and data types, there is often a need to integrate
multiple sources and/or types. Often, the integration of multiple data types creates
new knowledge regarding the goal at hand, thereby increasing InfoQ. For example,
in online auction research, the integration of temporal bid sequences with crosssectional auction and seller information has led to more precise predictions of final
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prices (see Chapter 4 in [12]) as well as to an ability to quantify the effects of
different factors on the price process [3].

3.4 Temporal Relevance
The process of deriving knowledge from data can be put on a time line that includes
the data collection, data analysis, and study deployment periods as well as the temporal gaps between the data collection, the data analysis, and the study deployment
stages (see Figure 2). These different durations and gaps can each affect InfoQ. The
data collection duration can increase or decrease InfoQ, depending on the study
goal, e.g., studying longitudinal effects vs. a cross-sectional goal. Similarly, if the
collection period includes uncontrollable transitions, this can be useful or disruptive,
depending on the study goal.

Fig. 2 Temporal durations and gaps that affect InfoQ. Feedback arrows indicate the cyclic process
of data collection and analysis.

3.5 Chronology of Data and Goal
The choice of variables to collect, the temporal relationship between them, and their
meaning in the context of the goal at hand also affects InfoQ. For example, in the
context of online auctions, classic auction theory dictates that the number of bidders
is an important driver of auction price. Models based on this theory are useful for
explaining the effect of the number of bidders on price. However, for the purpose
of predicting the price of ongoing online auctions, where the number of bidders is
unknown until the auction end, the variable “number of bidders”, even if available
in the data, is useless. Hence, the level of InfoQ contained in number of bidders for
models of auction price depends on the goal at hand.
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3.6 Generalizability
The utility of f (X | g) is dependent on the ability to generalize f to the appropriate
population. Two types of generalizability are statistical and scientific generalizability. Statistical generalizability refers to inferring from a sample to a target population. Scientific generalizability refers to applying a model based on a particular target population to other populations. This can mean either generalizing an estimated
population pattern/model f to other populations, or applying f estimated from one
population to predict individual observations in other populations. Determining the
level of generalizability requires careful characterization of g. For instance, for inferring about a population parameter, statistical generalizability and sampling bias
are the focus, and the question of interest is “What population does the sample represent?” [24]. In contrast, for predicting the values of new observations, the question
of interest is whether f captures associations in the training data X that are generalizable to the to-be-predicted data.

3.7 Construct Operationalization
Constructs are abstractions that describe a phenomenon of theoretical interest. Measurable data are an operationalization of underlying constructs. The relationship
between the underlying construct and its operationalization can vary, and its level
relative to the goal is another important aspect of InfoQ. The role of construct operationalization is dependent on the goal, and especially on whether the goal is explanatory, predictive, or descriptive. In explanatory models, based on underlying
causal theories, multiple operationalizations might be acceptable for representing
the construct of interest. As long as the data are assumed to measure the construct,
the variable is considered adequate. In contrast, in a predictive task, where the goal
is to create sufficiently accurate predictions of a certain measurable variable, the
choice of operationalized variable is critical.

3.8 Communication
Effective communication of the analysis and its utility directly impacts InfoQ. There
are plenty of examples where miscommunication of valid results has led to disasters, such as the NASA shuttle Challenger disaster [16]. Communication media are
visual, textual, and verbal presentations and reports. Within research environments,
communication focuses on written publications and conference presentations. Research mentoring and the refereeing process are aimed at improving communication
and InfoQ within the research community.
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4 Assessing Information Quality
The eight dimensions of InfoQ are intended to help operationalize the concept into
actionable evaluation. Considering InfoQ and its dimensions can be useful during
an ongoing empirical study (from study design, through data collection and analysis, to presentation) as well as in ex-post evaluations of completed studies. InfoQ
evaluation can range from qualitative to quantitative. Qualitative evaluation consists
of verbal or written assessments of a study on each dimension. Quantitative evaluation requires defining a metric for which we can evaluate each dimension. One such
rating-based metric is described in the next section.

4.1 Rating-Based Evaluation
Similar to the use of “data quality” dimensions by statistical agencies for evaluating
data quality, we evaluate the eight InfoQ dimensions to assess InfoQ. This evaluation
integrates different aspects of a study and assigns an overall InfoQ score. The broad
perspective of InfoQ dimensions is designed to help researchers enhance the added
value of their studies.
Assessing InfoQ using quantitative metrics can be done in several ways. [15]
presented a rating-based approach that examines a study report and scores each of
the eight InfoQ dimensions. A coarse grained approach is to rate each dimension on
a 1-5 scale, with “5” indicating “high” achievement on that dimension. The ratings
(Yi , i=1,. . . ,8) can then be normalized into a desirability function (see [7]) for each
dimension, (0 ≤ d(Yi ) ≤ 1), which are then combined to produce an overall InfoQ
score using the geometric mean of the individual desirabilities:
InfoQ Score = [d1 (Y1 ) × d2 (Y2 ) × . . . × d8 (Y8 )]1/8

(2)

In the next sections we describe two studies where participants used InfoQ dimensions to evaluate an empirical study - either a proposed study or a completed
one. The goal of the two studies was to introduce graduate students to the application of statistics in practice, to key questions that a statistician should ask, and to the
link between goal, data, analysis and context. The InfoQ framework provides such
an integrative view.

4.2 Study 1: Evaluating Research Proposals
Graduate students at the Faculty of Economics of the University of Ljubljana undergo a 3-day workshop on research methods, to equip them with methodlogy for
developing and presenting a research proposal that is the basis for their doctorate
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thesis. One of the first milestones for students is to defend their research proposal in
front of a committee.
The class consisted of approximately 50 graduate students from a wide range of
areas, including organizational behavior, operations research, marketing, and economics. In 2009, InfoQ was integrated into the research methods workshop. The
goal was to help students (and their advisors) figure out whether their proposed
research is properly defines as to potentially generate effective knowledge.
Students worked in small teams and discussed the InfoQ dimensions of their
draft proposal. Each student then gave a 15 minute presentation to the whole team.
Details of the workshop and pre-workshop assignments are availalbe at goo.gl/
f6bIA. Students’ grades in the workshop were derived from an InfoQ score of their
proposal submission, which consisted of a PowerPoint presentation and a written
document. This approach was designed to make their research journey more efficient
and more effective. Feedback by students and faculty, has indicated that the InfoQbased research methods workshop has indeed met this goal [14].

4.3 Study 2: Ex-Post Evaluation of Empirical Studies
We designed an assignment that requires participants to evaluate five empirical studies based on written reports. Based on the reports and on a brief introduction to
InfoQ, participants were asked to:
1. give a brief description of the goal, data, analysis, and utility measure for each
study, and
2. rate the study on each of the eight InfoQ dimensions
The form with information on InfoQ, on the five studies, and the InfoQ questions
and ratings are available at goo.gl/erNPF. Figure 4.3 shows the questions asked
for one of the studies.
In 2012, the InfoQ assignment was integrated into a course in the Masters in
Statistics Practice program at Carnegie Mellon Universitys Statistics Department.
Each of the 16 students spent about 60-90 min reading the five studies and evaluating
the eight dimensions for each study.
Comparing the responses of the 16 participants on each of the five studies revealed variability in respondents ratings of the InfoQ dimensions. This variability
indicates a need to further streamline the process of quantifying each dimension rating. An important result of this study was the feedback regarding the value added by
going through the evaluation process. Participants reported that using this approach
helped them “sort out all of the information”, and several reported that they will
adopt this evaluation approach for future studies.
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Fig. 3 InfoQ evaluation form for an empirical study on air quality. The complete form with information and additional studies for evaluation are available at goo.gl/erNPF
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5 Conclusions and Future Directions
Our discussion of InfoQ as a crucial component in the empirical analysis framework
calls for further discussion and research in various directions. In assessing InfoQ,
we proposed a rating-based approach. We describe two initial studies that attempt
to gauge the effectiveness of using the InfoQ framework for developing an analysis
plan and for evaluating an empirical study. Future research is needed on specific
implementations such as investigating the reliability of ratings across raters.
Although we discussed several dimensions of InfoQ and their relation to other
quality concepts, there exist others that might be considered and new dimensions
might evolve over time. For example, in todays environment, an important aspect of
InfoQ is related to data privacy and confidentiality. In some areas, InfoQ could include a measure of risk in terms of confidentiality or human subjects. We also note
the relationship with Big Data dimensions: the first five InfoQ dimensions relate
to the three V’s of Big Data [20]: Volume (data resolution; data structure), Velocity
(temporal relevance; chronology of data and goal), Variety (data structure; data integration). Other proposed V’s (value, veracity, viscosity, virality) can also be related
to InfoQ dimensions, depending on their definitions.
Our studies have indicated the usefulness of considering InfoQ and its eight dimensions for evaluating prospective and retrospective studies. The InfoQ framework
helps formalize and streamline the informal process that an experienced data analyst
goes through. Future work will focus on streamlining rating-based and other InfoQ
evaluation methods.
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