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Abstract

Information quality (IQ) is critical in organizations. Yet, despite a decade of active research and practice, the field lacks

comprehensive methodologies for its assessment and improvement. Here, we develop such a methodology, which we call AIM

quality (AIMQ) to form a basis for IQ assessment and benchmarking. The methodology is illustrated through its application to five

major organizations. The methodology encompasses a model of IQ, a questionnaire to measure IQ, and analysis techniques for

interpreting the IQ measures. We develop and validate the questionnaire and use it to collect data on the status of organizational IQ.

These data are used to assess and benchmark IQ for four quadrants of the model. These analysis techniques are applied to analyze

the gap between an organization and best practices. They are also applied to analyze gaps between IS professionals and

information consumers. The results of the techniques are useful for determining the best area for IQ improvement activities.

# 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

Information quality (IQ) has become a critical con-

cern of organizations and an active area of Management

Information Systems (MIS) research. The growth of

data warehouses and the direct access of information

from various sources by managers and information users

have increased the need for, and awareness of, high-

quality information in organizations. MIS researchers

have always considered the quality of information to be

important. A survey of the variables used to measure IS

success reported IQ as one of the six categories com-

monly employed in MIS research [11]. Over the last

decade, IQ research activities have increased signifi-

cantly to meet the needs of organizations attempting

to measure and improve the quality of information

[4–7,9,15,19,21,22,34–36,38,39]. In industry, IQ has

been rated regularly as a top concern in data ware-

housing projects [8,12,27,32].

Despite a decade of research and practice, only

piece-meal, ad hoc techniques are available for mea-

suring, analyzing, and improving IQ in organizations.

As a result, organizations are unable to develop com-

prehensive measures of the quality of their informa-

tion and to benchmark their efforts against that of other

Information & Management 40 (2002) 133–146

* Corresponding author. Present address: 225 Crafts Road,

Chestnut Hill, MA 02467, USA. Fax: þ1-617-739-9367.

E-mail addresses: y.lee@neu.edu (Y.W. Lee), dstrong@wpi.edu

(D.M. Strong), bkahn@acad.suffolk.edu (B.K. Kahn),

rwang@mit.edu (R.Y. Wang).

URL: http://web.mit.edu/TDQM/

0378-7206/02/$ – see front matter # 2002 Elsevier Science B.V. All rights reserved.

PII: S 0 3 7 8 - 7 2 0 6 ( 0 2 ) 0 0 0 4 3 - 5



organizations. Without the ability to assess the quality

of their information, organizations cannot assess the

status of their organizational IQ and monitor its

improvement. The research challenge is to develop

an overall model with an accompanying assessment

instrument for measuring IQ. Furthermore, techniques

must be developed to compare the assessment results

against benchmarks and across stakeholders. Such

techniques are necessary for prioritizing IQ improve-

ment efforts.

Our research was designed to meet these challenges.

We developed a methodology called AIM quality

(AIMQ) that provided a rigorous and pragmatic basis

for IQ assessments and benchmarks. Its first component

is a 2 � 2 model or framework of what IQ means to

information consumers and managers [18]. This model

has four quadrants, depending on whether information

is considered to be a product or a service, and on

whether the improvements can be assessed against a

formal specification or customer expectation.

The second component is a questionnaire for mea-

suring IQ along the dimensions of IQ important to

information consumers and managers. Several of these

dimensions together measure IQ for each quadrant of

the 2 � 2 model. This instrument can be applied to

assess the quality of information in organizations.

The third component of AIMQ consists of two

analysis techniques for interpreting the assessments

captured by the questionnaire. These two techniques

help organizations focus their IQ improvement efforts

on the analysis of their IQ assessments. The first

technique compares an organization’s IQ to a bench-

mark from a best-practices organization. The second

technique measures the distances between the assess-

ments of different stakeholders of an information

production system.

Each component of the AIMQ methodology has

merit in itself. For example, IQ can be assessed using

the validated questionnaire and, therefore, it furthers

research in IS success. The key contribution of the

overall research, however, stems from the integration

and synthesis of these components. Properly applied,

together they form an effective methodology for

assessing IQ in various organizational settings where

decisions must be made to prioritize tasks and allocate

resources for IQ improvement.

Table 1

The academics’ view of information quality

Intrinsic IQ Contextual IQ Representational IQ Accessibility IQ

Wang and Strong [39] Accuracy, believability,

reputation, objectivity

Value-added, relevance,

completeness, timeliness,

appropriate amount

Understandability,

interpretability,

concise representation,

consistent representation

Accessibility,

ease of operations,

security

Zmud [41] Accurate, factual Quantity, reliable/timely Arrangement, readable,

reasonable

Jarke and

Vassiliou [16]

Believability, accuracy,

credibility, consistency,

completeness

Relevance, usage,

timeliness, source

currency, data warehouse

currency, non-volatility

Interpretability, syntax,

version control,

semantics, aliases, origin

Accessibility, system

availability, transaction

availability, privileges

Delone and

McLean [11]

Accuracy, precision,

reliability, freedom

from bias

Importance, relevance,

usefulness, informativeness,

content, sufficiency,

completeness, currency,

timeliness

Understandability,

readability, clarity, format,

appearance, conciseness,

uniqueness, comparability

Usableness,

quantitativeness,

convenience of accessa

Goodhue [14] Accuracy, reliability Currency, level of detail Compatibility, meaning,

presentation, lack

of confusion

Accessibility, assistance,

ease of use

(of h/w, s/w),

locatability

Ballou and Pazer [4] Accuracy, consistency Completeness,

timeliness

Wand and Wang [37] Correctness, unambiguous Completeness Meaningfulness

aClassified as system quality rather than information quality by Delone and McLean.
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2. Dimensions of IQ

In our earlier research, we empirically derived the

IQ dimensions that are important to information con-

sumers (people who use information), using methods

traditionally employed in market research. These

formed a foundation for our current research. Speci-

fically, our questionnaire includes items to measure IQ

as derived in that earlier research (Table 1).

We also grouped the IQ dimensions into four IQ

categories, intrinsic IQ, contextual IQ, representa-

tional IQ, and accessibility IQ (Table 1). Intrinsic

IQ implies that information has quality in its own

right. Contextual IQ highlights the requirement that IQ

must be considered within the context of the task at

hand; it must be relevant, timely, complete, and appro-

priate in terms of amount, so as to add value. Repre-

sentational and accessibility IQ emphasize the

importance of computer systems that store and provide

access to information; that is, the system must present

information in such a way that it is interpretable, easy

to understand, easy to manipulate, and is represented

concisely and consistently; also, the system must be

accessible but secure.

Our follow-up research has provided further evi-

dence that these dimensions provide comprehensive

coverage of the multi-dimensional IQ construct. For

example, a follow-on qualitative study of IQ improve-

ment projects in organizations used these dimensions

as the codes in content analysis of the organizational

attention to different aspects of IQ during improve-

ment projects. All IQ aspects in the projects were

covered by the IQ dimensions.

2.1. Academics’ view of IQ dimensions

Table 1 summarizes academic research on the

multiple dimensions of IQ. The first row is our study,

which takes an empirical, market research approach of

collecting data from information consumers to deter-

mine the dimensions of importance to them. The

second row of Table 1 list the dimensions uncovered

in Zmud’s pioneering IQ research study [41], which

considers the dimensions of information important

to users of hard-copy reports. Because of the focus

on reports, information accessibility dimensions,

which are critical with on-line information, were

not relevant.

In contrast to these empirically developed dimen-

sions, the next three studies developed their IQ dimen-

sions from existing literature. The Jarke and Vassiliou

[16] study modified the Wang–Strong dimensions in

their study of data warehouse quality. The first dimen-

sion in each of the four categories is their overall label

for that category. Delone and McLean’s review of the

MIS literature during the 1980s reports 23 IQ measures

from nine previous studies. Four of these studies

include only one measure of IQ, either importance or

usefulness. Two studies, one of which is the well-

known user satisfaction study by Bailey and Pearson

[3], include nine measures. Goodhue’s dimensions [14]

are developed from a literature review to find the

characteristics of information that are important to

managers who use quantitative data stored in computer

systems. In Goodhue’s study, the importance of the

dimensions in the accessibility IQ category is apparent.

The last two rows present two studies that focus on a

few dimensions that can be measured objectively, rather

than a comprehensive list of dimensions important to

information consumers. Ballou and Pazer’s study

focuses primarily on intrinsic dimensions that can be

measured objectively. They use four dimensions that

frequently appear in IQ studies: accuracy, consistency,

completeness, and timeliness. While they acknowledge

the gap between user expectations for IQ and perfor-

mance of the IS group in delivering IQ, their research

does not specifically address the contextual and more

subjective IQ dimensions. The Wand and Wang [37]

study takes an ontological approach and formally

defines four IQ dimensions: correctness, unambiguous,

completeness, and meaningfulness. The quality along

these four dimensions can be assessed by comparing

values in a system to their true real world values.

In comparing these studies two differences are

apparent. One is whether the viewpoint of information

consumers is considered, which necessarily requires

the inclusion of some subjective dimensions. The

other is the difficulty in classifying dimensions, for

example, completeness, and timeliness. In some cases,

such as in the Ballou and Pazer study, the complete-

ness and timeliness dimensions fall into the intrinsic

IQ category, whereas in the Wang and Strong study,

these dimensions fall into the contextual IQ category.

As an intrinsic dimension, completeness is defined in

terms of any missing value. As a contextual dimen-

sion, completeness is also defined in terms of missing
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values, but only for those values used or needed by

information consumers.

In summary, the academic research included several

types of studies. One provided overall coverage for the

IQ construct by empirically developing the dimen-

sions from information consumers, such as in the

Wang and Strong study. Zmud’s study was an early

empirical effort based on hard-copy reports. Another

type developed their dimensions from literature

reviews, i.e. the Delone and McLean, Goodhue, and

Jarke and Vassiliou studies. By grouping all measures

from other authors together, they hoped to cover all

aspects of the IQ construct. The third type of study

focused on a few dimensions that can be objectively

defined, e.g. Ballou and Pazer, and Wand and Wang.

2.2. Practitioners’ view of IQ dimensions

Practitioners have reported the dimensions and

measures they use within organizations. The approach

is generally not rigorous from a research viewpoint,

but it provides some insight into their views. IQ

practitioners include specialists within organizations,

outside consultants, and vendors of products. Because

they focus on specific organizational problems, cover-

age of all IQ properties is not their primary intent.

Table 2 presents a sampling of practitioner IQ

research. The Department of Defense (DoD) Guide-

line for data quality adopts define, measure, analyze,

and improve as the four phases in a continuous life

cycle, as advocated by the MIT Total Data Quality

Management (TDQM) Program. In this effort, the

DoD program focuses on the accuracy, completeness,

consistency, validity, timeliness, and uniqueness

dimensions of IQ.

Mitre has an active IQ improvement effort, based

on the IQ dimensions [39]. One of their recent studies

[25] reported that 35% of user concerns about IQ

are accessibility issues, 27% intrinsic issues, 24%

contextual issues, and 14% representational issues.

Table 2

The practitioners’ view of information quality

Intrinsic IQ Contextual IQ Representational IQ Accessibility IQ

DoD [10] Accuracy, completeness,

consistency, validity

Timeliness Uniqueness

MITRE [25] Same as [39] Same as [39] Same as [39] Same as [39]

IRI [20] Accuracy Timeliness Reliability

(of delivery)

Unitech [23] Accuracy, consistency,

reliability

Completeness, timeliness Security, privacy

Diamond Technology

Partners [24]

Accuracy Accessibility

HSBC Asset

Management [13]

Correctness Completeness, currency Consistency Accessibility

AT&T and

Redman [29]

Accuracy, consistency Completeness, relevance,

comprehensiveness,

essentialness,

attribute granularity,

currency/cycle time

Clarity of definition,

precision of domains,

naturalness, homogeneity,

identifiability, minimum

unnecessary redundancy,

semantic consistency,

structural consistency,

appropriate representation,

interpretability, portability,

format precision, format

flexibility, ability to

represent null values,

efficient use of storage,

representation consistency

Obtainability,

flexibility, robustness

Vality [8] Metadata characteristics
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Of the accessibility issues, 43% of the problems

were due to ease of operations. This supports our

findings that accessibility is an increasingly important

component.

Information Resources Inc., a supplier of informa-

tion to other organizations, is concerned about ensur-

ing the quality of the information it delivers as well as

the reliability of the delivery, since that is the source of

their value [20]. They have developed their TRAQ

(timeliness þ reliability þ accuracy ¼ quality) model

to focus attention on IQ. Unitech, a company that sells

IQ software tools, prefers to use the term: information

integrity. They employ three key attributes that are

intrinsic to the concept of information integrity: accu-

racy, consistency, and reliability. They argue that these

capture the essential characteristics of other attributes,

such as completeness, timeliness, security, and privacy

[23].

Diamond Technology Partners, a consulting com-

pany that builds data warehouses, focuses on accuracy

and accessibility as the IQ dimensions against which

they assess the quality of information in their data

warehouses [24]. Another data warehouse company

focuses on attributes of IQ that are important to users,

including correctness, completeness, consistency, cur-

rency, and accessibility [13].

Based on work at AT&T, Redman [29] provided a

comprehensive list of IQ attributes. It includes many

representational attributes, e.g. naturalness of the

representation. Much of his work has involved large

databases that must work together consistently, thus,

concerns about data representation are important. As a

result, fewer of his attributes focus on concerns of end

users. Vality also focuses on representational attri-

butes for scrubbing and combining data across multi-

ple sources for input into data warehouses.

The IQ dimensions employed by practitioners are

driven by the context in which they are delivering

IQ—more than does the research of academics. In

the sample of studies in Table 2, the contexts include:

data warehouse development, IQ tools for improving

the quality of data input to databases, environments

with multiple incompatible databases, and environ-

ments in which timely delivery of information is

critical. The context influences the dimensions selec-

ted. For example, in a context of multiple incompa-

tible databases, representational dimensions are more

important.

3. The PSP/IQ model

The foundation of the AIMQ methodology is a

model and a set of IQ dimensions that cover aspects

of IQ that are important to information consumers.

The PSP/IQ model organizes the key IQ dimensions so

that meaningful decisions can be made about improv-

ing IQ. More importantly, these dimensions are devel-

oped from the perspective of information consumers

and, therefore, are a logical choice.

The AIMQ methodology consists of the following

three components:

� the PSP/IQ model;

� the IQA instrument;

� the IQ Gap Analysis techniques.

The PSP/IQ model consolidates the dimensions into

four quadrants: sound, dependable, useful, and usable

information (Table 3). These four quadrants represent

IQ aspects that are relevant to IQ improvement deci-

sions. The IQA instrument measures IQ for each of the

IQ dimensions. These measures are averaged to form

measures for the four quadrants. The IQ Gap Analysis

techniques assess the quality of an organization’s

information for each of the four quadrants. These

gap assessments are the basis for focusing IQ improve-

ment efforts.

For defining the concept of IQ, the four categories

(intrinsic, contextual, representational, and accessibil-

ity) are useful in ensuring complete coverage of the

Table 3

The PSP/IQ model

Conforms to

specifications

Meets or exceeds

consumer expectations

Product Sound information Useful information

Quality IQ dimensions IQ dimensions

Free-of-error Appropriate amount

Concise representation Relevancy

Completeness Understandability

Consistent representation Interpretability

Objectivity

Service Dependable information Usable information

Quality IQ dimensions IQ dimensions

Timeliness Believability

Security Accessibility

Ease of operation

Reputation
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concept of IQ. These four, however, are not as useful

for deciding what to do to improve IQ. The PSP/IQ

model’s focus on product or service delivery and on

how quality can be assessed by specifications or

customer expectations employs quality aspects that

are relevant to delivering better quality information.

These concepts are consistent with the basic Total

Quality Management (TQM) tenets known to IS

managers [28,30]. Further details of the PSP/IQ model

and its development process can be found in [17,18].

4. IQA instrument development and
administration

The development of the IQA instrument followed

standard methods for questionnaire development and

testing, see for example [26,31].

4.1. Item development

The first step was the development of 12–20 items

for each of the IQ dimensions. Since these were

derived originally from a factor analysis of IQ attri-

butes or phrases, the underlying attributes for each

dimension were used in developing them. Most items

were of the general form: ‘‘this information is (attri-

bute or phrase).’’ For example, ‘‘this information is

presented consistently’’ and ‘‘this information is rele-

vant to our work.’’

These items were reviewed by IQ researchers to

check that they covered the dimension and did not

include ones that overlapped. The items for each

dimension were also reviewed by users to check that

they are meaningful to information consumers who

would be completing the survey. As a result of these

reviews, items were added, deleted, and revised. This

process of reviewing and editing was repeated until

agreement was reached on an initial set of eight items

per IQ dimension.

4.2. Pilot study

The purpose of the pilot study was to provide an

initial assessment of the reliability of the items for

each of the dimensions and to use this to reduce the

number of items per dimension. Reducing the number

of items is important, because the eight items for each

dimension, resulting from item development, are too

many for practical use. In studies focusing on IQ,

several independent variables will also need to be

measured. For information systems success studies,

IQ is only one component of measuring success.

For the pilot survey, the 120 IQA items were

randomly mixed across four pages. The scale used

in assessing each item ranged from 0 to 10 where 0

was labeled ‘‘not at all’’ and 10 is labeled ‘‘comple-

tely’’. The use of an 11-point scale is based on

previous experience with IQ assessment. Results of

a previous questionnaire, which used a 1–9 scale,

indicate that respondents preferred to use the upper

half of the scale. This was confirmed in our interviews

of information collectors, information consumers, and

IS professionals who preferred to assess their IQ as

average or above.

The pilot IQA instrument also included two pages

of demographic information. One item of particular

interest was the survey respondent’s role in the infor-

mation production system as a collector of informa-

tion, a consumer of it in tasks, or as an IS professional.

The pilot IQA instrument was printed as an eight-page

booklet, six pages of questions, one page for com-

ments and suggestions on the survey, and a final blank

page.

The 52 respondents to the pilot Instrument were

information collectors, information consumers, and IS

professionals in six companies. These are from the

financial, healthcare, and manufacturing sectors. In

each company, respondents answered the questions for

a particular set of information, e.g. their patient infor-

mation or their production information.

To assess the items for measuring each construct,

Cronbach alphas were computed and factor analysis

was performed. The results were used to eliminate

items that did not add to the reliability of the scale or

did not measure the same construct. This resulted in 4–

5 items per dimension, for a total of 65 items to assess

IQ along all dimensions.

4.3. Full study

The full study used the final questionnaire to assess

IQ in organizations. The 65 IQA items formed two

pages in the final questionnaire. With shortened demo-

graphic questions and space for comments, the IQA

instrument was printed as a booklet of four pages. The
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Table 4

Dimension-level correlations

Mean S.D. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

1 Accessibility 4.75 2.36 (0.92)

2 Appropriate amount 5.07 1.96 0.68** (0.76)

3 Believability 4.87 2.25 0.64** 0.64** (0.89)

4 Completeness 4.82 2.05 0.77** 0.77** 0.76** (0.87)

5 Concise representation 4.71 2.07 0.75** 0.59** 0.71** 0.74** (0.88)

6 Consistent representation 5.27 2.16 0.71** 0.62** 0.72** 0.72** 0.75** (0.83)

7 Ease of operation 4.78 0.95 0.48** 0.22** 0.32** 0.43** 0.44** 0.31** (0.85)

8 Free-of-error 4.98 2.28 0.63** 0.64** 0.91** 0.75** 0.66** 0.69** 0.32** (0.91)

9 Interpretability 5.05 1.87 0.72** 0.59** 0.68** 0.68** 0.73** 0.70** 0.30** 0.67** (0.77)

10 Objectivity 5.88 2.04 0.49** 0.44** 0.64** 0.60** 0.53** 0.55** 0.31** 0.63** 0.57** (0.72)

11 Relevancy 6.58 2.18 0.51** 0.47** 0.56** 0.61** 0.50** 0.53** 0.29** 0.55** 0.53** 0.66** (0.94)

12 Reputation 4.49 2.21 0.61** 0.58** 0.86** 0.72** 0.70** 0.67** 0.29** 0.79** 0.67** 0.60** 0.50** (0.85)

13 Security 5.65 2.21 0.30** 0.40** 0.44** 0.41** 0.32** 0.40** 0.14* 0.41** 0.36** 0.42** 0.34** 0.35** (0.81)

14 Timeliness 4.93 2.18 0.69** 0.68** 0.73** 0.71** 0.66** 0.64** 0.29** 0.72** 0.63** 0.56** 0.50** 0.70** 0.34** (0.88)

15 Understandability 5.23 2.14 0.72** 0.58** 0.70** 0.68** 0.77** 0.73** 0.37** 0.66** 0.87** 0.62** 0.55** 0.69** 0.38** 0.64** (0.90)

Cronbach alphas on the diagonals.
* P < 0:05.
** P < 0:01.
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only change to the scale was to label the mid-point of

the scale, 5, as ‘‘average.’’ The actual questionnaire

items are included in the Appendix.

The IQA instrument reliability statistics are from

completed surveys from 261 respondents in five orga-

nizations. In each organization, there were respon-

dents representing all the information production

roles, i.e. information collectors, information consu-

mers, and IS professionals. Each respondent focused

his or her answers on one set of information of

importance to the organization, e.g. patient informa-

tion in healthcare organizations.

Statistical analyses were performed using SPSS for

Windows. Construct reliability of the IQ dimensions

was tested using the Cronbach alpha. The values, which

range from 0.94 to 0.72, indicate that the measures

of each dimension are reliable. The correlations among

the dimensions are reported in Tables 4 and 5, with the

Cronbach alpha values on the diagonals.

IQ, although multi-dimensional, is a single phe-

nomenon. As a result, the dimensions are not inher-

ently independent. This dependence among the

dimensions eliminates the applicability of path ana-

lysis in the validation of the survey. This was con-

firmed with path analysis using AMOS [2]. Path

analysis produced some inadmissible solutions due

to high correlations among the dimensions. While

these problems can be eliminated by combining

dimensions, such a data-driven approach is unaccep-

table. Thus, the standard Cronbach alpha was used to

assess reliability.

5. IQ Gap Analysis techniques

The IQA instrument allowed us to assess IQ at the

dimension level. For this analysis, we aggregated the

dimensions into the PSP/IQ quadrants. Values for each

quadrant were computed as the mean of the values of

its constituent dimensions. A weighted-average

model, using the importance ratings of each dimen-

sion, was also investigated. The importance ratings are

from a separate survey of information consumers. The

weighted model produced the same results as the non-

weighted model, since the range of importance

weights for the quadrants was 0.232–0.265, which

differ little from an equal weighting of 0.25. Thus,

the simpler equal-weighted model was used in our

analysis.

The Gap Analysis techniques used these quadrant

IQ values as their input. These techniques are a set of

algorithms for analyzing and comparing the IQAs

from the IQA instrument and the PSP/IQ model. They

are used to benchmark the quality of an organization’s

IQ and to focus improvement activities.

Two analysis techniques, IQ Benchmark Gaps and

IQ Role Gaps, are used to identify IQ problem areas.

Analysis begins by analyzing a specific quadrant of the

PSP/IQ model, such as usability. This continues for the

other quadrants. After all four quadrants have been

individually analyzed, the four quadrants can be com-

pared to detect common patterns or to focus on the

quadrant that most needs to be improved.

5.1. Benchmarking Gap Analysis

A common concern in organizations is how well

they are doing relative to others. Benchmarking

addresses this concern. It is defined as ‘‘a continuous,

systematic process for evaluating the products, ser-

vices, and work processes of organizations that are

recognized as representing best practices for the pur-

poses of organizational improvement’’ [33].

Benchmarking is a measurement of products, ser-

vices, or business practices against tough competitors,

industry leaders, or other sources of best practices.

Table 5

Quadrant-level correlations

Mean S.D. Soundness Dependability Usefulness Usability

Soundness 4.94 1.90 (0.94)

Dependability 5.29 1.80 0.730** (0.83)

Usefulness 5.56 1.67 0.871** 0.728** (0.93)

Usability 4.72 1.64 0.925** 0.710** 0.841** (0.94)

Cronbach alphas on the diagonals.
** P < 0:01.
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These best practices form the benchmark against

which performance is measured [1,40].

The IQA instrument provides a method of establish-

ing the state of IQ in an organization at a given time.

For best-practice organizations, the IQA measurement

represents a benchmark against which other organiza-

tions can assess their IQ.

The first technique, IQ Benchmark Gaps, assesses

an organization’s IQ against a benchmark. This is the

IQ assessment of a best-practice organization. Fig. 1

shows an example IQ Benchmark Gap diagram for the

usability quadrant using the data from the full study.

The y-axis is the level of quality, which can range from

0 to 10. The x-axis is the percentage of respondents,

e.g. the level of IQ reported by the bottom 10% of the

respondents.

When analyzing IQ Benchmark Gaps, three indi-

cators should be considered:

� size of the gap area;

� location of the gap;

� different size gaps over the x-axis.

There is a substantial gap between the best-prac-

tices organization and the four other organizations.

Thus, there is room for much improvement in usability

IQ for all four organizations. The location of the

gap refers to its placement on the y-axis. For example,

at 10% the gap is located between 2 and 5.5, whereas

at 60%, the gap is located between 4.5 and 7.6. In this

case, the size of the gap does not change much for

different values of the x-axis. For company 3, however,

the size of the gap is smaller after the seventieth

percentile. To analyze quadrant differences, we would

need similar graphs for the other three quadrants.

5.2. Role Gap Analysis techniques

IQ Role Gaps compare the IQ assessments from

respondents in different organizational roles, IS pro-

fessionals, and information consumers. IQ Role Gaps

is a useful diagnostic technique for determining

whether differences between roles is a source of a

Benchmark Gap. The IQ assessment and comparison

across roles serves to identify IQ problems and lays

the foundation for IQ improvement.

Fig. 2 is an example of the Role Gap for the

usability quadrant using the data from the full study.

The x-axis is the five organizations, with number one

as the best-practices organization. The numbers for the

organizations are the same as those used in the Bench-

mark Gap Analysis. The y-axis is the level of quality,

as in the IQ Benchmark Gap. The points in the graph

are the mean level of IQ reported by information

consumers (diamonds) and the mean level reported

by IS professionals (squares). The line between the

Fig. 1. An example of the IQ Benchmark Gap.
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diamond and the square for a particular organization

represented the size of the IQ Role Gap for usability.

When analyzing IQ Role Gaps, three indicators

should be considered:

� size of the gap area;

� location of the gap;

� direction of the gap (positive versus negative).

The size of the IQ Role Gap is much greater in

organizations two and five, which means that informa-

tion consumers and IS professionals do not agree about

the level of IQ for usability. The location of the gap for

the best-practices organization (number one) is around

an IQ level of seven, which is quite good; whereas the

location of the gap for organization three, which is also

small, is around 4.5. Thus, although their size was

similar, organization one had much better IQ than

organization three. The direction of the gap is defined

to be positive when IS professionals assess the level of

IQ to be higher than information consumers. Thus,

organization five had a large positive gap. The best-

practices organization had a small negative gap.

A large positive gap means that IS professionals are

not aware of problems that information consumers are

experiencing. In general, organizations with a large

positive gap should focus on reducing the problem by

gaining consensus between IS professionals and infor-

mation consumers. If the size of the gap is small,

organizations are positioned to improve the quality of

their information, since they have consensus about its

level. If the size of the gap is small, then the location of

the gap should be examined. If the location is high,

indicating high IQ, incremental improvements are

most appropriate, whereas if the location is low, major

improvement efforts have the potential for significant

quality improvement.

6. Conclusion

We have developed the AIMQ methodology for

assessing and benchmarking IQ in organizations. This

encompasses three major components: the PSP/IQ

model, the IQA instrument, and the Gap Analysis

techniques.

Each component of the AIMQ has merit in itself

and, therefore, makes a contribution on its own. The

PSP/IQ model assesses IQ in terms of conformance to

specifications and as exceeding consumer expecta-

tions on the one axis and IQ as a product and as a

service on the other. It is a management tool for

conceptualizing and assessing IQ in business terms.

Furthermore, it serves as a theoretical foundation for

performing gap analyses.

The IQA instrument provides the measurements

underpinning the PSP/IQ model and the gap analyses.

Fig. 2. An example of the IQ Role Gap.
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It collects data to assess IQ status along the key IQ

dimensions. Valid measures of IQ are critical for

further research progress in IQ. The data collected

from the IQA are the prerequisite for PSP/IQ modeling

and gap analyses.

The gap analysis techniques provide the tools by

which organizations can understand their IQ deficien-

cies as compared to other organizations and to differ-

ent stakeholders within one organization. Using these

analysis techniques, organizations can benchmark

their IQ and determine appropriate areas to focus

improvement efforts.

The key contribution of the overall research, how-

ever, stems from the integration and synthesis of these

components. The AIMQ methodology as a whole

provides a practical IQ tool to organizations. It has

been applied in various organizational settings, such as

the financial, healthcare, and manufacturing indus-

tries. The methodology is useful in identifying IQ

problems, prioritizing areas for IQ improvement, and

monitoring IQ improvements over time.

Appendix A. The measures

All items are measured on a 0 to 10 scale where 0 is

not at all and 10 is completely. Items labels with ‘‘(R)’’

are reverse coded.

Accessibility. (4 items, Cronbach’s Alpha ¼ .92)

This information is easily retrievable.

This information is easily accessible.

This information is easily obtainable.

This information is quickly accessible when

needed.

Appropriate Amount. (4 items, Cronbach’s Alpha¼ .76)

This information is of sufficient volume for

our needs.

The amount of information does not match

our needs. (R)

The amount of information is not sufficient for

our needs. (R)

The amount of information is neither too much

nor too little.

Believability. (4 items, Cronbach’s Alpha ¼ .89)

This information is believable.

This information is of doubtful credibility. (R)

Appendix A. (Continued )

This information is trustworthy.

This information is credible.

Completeness. (6 items, Cronbach’s Alpha ¼ .87)

This information includes all necessary values.

This information is incomplete. (R)

This information is complete.

This information is sufficiently complete

for our needs.

This information covers the needs of our tasks.

This information has sufficient breadth and

depth for our task.

Concise Representation. (4 items, Cronbach’s

Alpha ¼ .88)

This information is formatted compactly.

This information is presented concisely.

This information is presented in a compact form.

The representation of this information is

compact and concise.

Consistent Representation. (4 items, Cronbach’s

Alpha ¼ .83)

This information is consistently presented in the

same format.

This information is not presented consistently. (R)

This information is presented consistently.

This information is represented in a

consistent format.

Ease of Operation. (5 items, Cronbach’s Alpha ¼ .85)

This information is easy to manipulate to meet

our needs.

This information is easy to aggregate.

This information is difficult to manipulate to

meet our needs. (R)

This information is difficult to aggregate. (R)

This information is easy to combine with

other information.

Free of Error. (4 items, Cronbach’s Alpha ¼ .91)

This information is correct.

This information is incorrect. (R)

This information is accurate.

This information is reliable.

Interpretability. (5 items, Cronbach’s Alpha ¼ .77)

It is easy to interpret what this information means.

This information is difficult to interpret. (R)
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