F

informatics ﬁw\b\w

Review

How Data Quality Impacts Decision Outcomes: Scoping Review,
Methodological Development, and Empirical Demonstration

Eric A. Andersson

Department of Communication, Quality Management and Information Systems, Sundsvall Campus, Mid Sweden
University, 85170 Sundsvall, Sweden; eric.andersson@miun.se

Abstract

Public sector value generation increasingly relies on data provided by information systems,
yet the impact of data quality (DQ) on decision-making remains underexamined. While
prior research has identified associations between DQ and decision outcomes, strong
causal evidence remains scarce. This study addresses the issue in two phases: first,
through a scoping review of experimental research on the impact of value-critical DQ
dimensions—accuracy, completeness, consistency, and timeliness—and second, through
methodological development. Searches across Scopus, Web of Science, IEEE, and PsycInfo,
supplemented by citation searching and Google Scholar to avoid inclusion bias, identi-
fied 20 studies after screening and full-text review. Rather than excluding studies based
on methodological quality, the review critically examined existing experimental designs
and their findings. The literature revealed substantial weaknesses, including unclear dis-
tinctions between objective and subjective variables, weak manipulations, ambiguous
operationalizations, and small sample sizes. Consequently, existing understanding of DQ
impact remains limited and often inconclusive. To address these limitations, the article
proposes a formal model for DQ experiments and presents a proof of concept for complete-
ness using open data. The findings suggest that completeness influences value appraisal
and subsequent choice behavior, particularly under higher uncertainty and larger value
differences between alternatives.

Keywords: experiment; data quality; information quality; method; information system;
literature review; public sector

1. Introduction

Governments are increasingly using information systems (IS) data through open data,

) Check for updates big data, and data-driven initiatives to support transparency, accountability, and decision-

making—all tasks that require reliable data to be fruitful [1,2].
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well-documented financial repercussions and remains a persistent challenge for IS research
and practice [9,10].

Despite widespread recognition of its importance, research on the impact of DQ on
decision-making remains limited. Existing studies are predominantly correlational and
rely on surveys that measure perceived accuracy or self-reported decision quality (see,
e.g., [11,12]). Many follow the fitness-for-use tradition, which emphasizes consumer per-
spectives but also relies on survey-based correlational evidence [13,14]. Correlational
designs have limited causal evidence because they do not adequately control for confound-
ing factors [15,16]. Previous works also displays poor alignment between judgments of
quality and actual quality [17-19]. This makes it unclear whether the relationships reported
in such surveys reflect causal effects and what they actually measure. These limitations
constrain our understanding of how DQ influences decisions and outcomes. They also
reflect broader challenges in IS research, including weak theory, gaps between research
and practice, and limited attention to the cognitive view of data [20-22]. Thus, this study
aims to evaluate the current state of knowledge on the causal relationship between DQ and
decision-making, with particular attention to how DQ is conceptualized, operationalized,
and empirically tested in the literature.

This study uses a two-phase structure. First, it reviews the state of the art. Second, it
uses these insights to redefine how to assess the impact of DQ on decision-makers experi-
mentally. The study then provides a proof of concept for this methodological approach by
investigating completeness using available data. More specifically, the review examines
how prior research has investigated the causal impact of DQ. To identify methodological
limitations and inform improvements, it evaluates both methods and results. This is nec-
essary because previous reviews of DQ impact have been limited in scope and have not
sufficiently evaluated the evidence (e.g., [10]). The analysis focuses on four of the most
common DQ dimensions: accuracy, completeness, consistency, and timeliness [23,24]. This
focus allows for greater analytical depth and reflects the expectation that the literature
on less common dimensions is sparse. Because information use and evaluation depend
on cognitive processes, the study also considers both actual and perceived quality [22].
This distinction is important because decision-makers may respond differently when they
suspect that data are flawed than when they unknowingly rely on poor data.

The main contributions of this work are its assessment of the evidence and method-
ological advancement. By strengthening the empirical basis of DQ research, the study con-
tributes to current and future understanding of the boundary conditions for DQ within IS.

The paper is structured as follows. First, we establish the theoretical foundation for
why experimental studies are preferable to correlational approaches by outlining their
respective strengths and weaknesses. We then provide an overview of DQ and define the
study framework. Next, we describe the scoping review method, including the search
strategy, findings, and evaluation approach. As this work seeks to assess the literature in
substantial detail, the methodological analysis is incorporated into the review evaluation
rather than used as an exclusion criterion. We then present and discuss the results of the
investigation. Following this, we formally define the dimensions using set notation to
address issues of measurement clarity and methodological consistency. Finally, we provide
a proof of concept for one of the dimensions, discuss its implications, and conclude with
broader discussion and final remarks.

1.1. Theoretical Foundation
1.1.1. Experiments and Causal Validity

IS has generally struggled to develop strong theories [20]. This may be due to its
strong focus on applied science, with researchers often borrowing theories from source
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disciplines to address contemporary IS and organizational issues rather than conducting
basic research [25]. Recent research has suggested that experimental work, particularly
online experiments, can support IS scholars in addressing this challenge [26].

All trained researchers recognize that “correlation is not causation,” and disregard-
ing this distinction has consequences. The strongest evidence for a scientific theory is
its ability to make accurate predictions about new data, particularly through novel im-
plications [27,28]. Predictive power indicates that a theory captures regularities in the
world without being so closely fitted to existing data that it begins to describe noise [27].
Correlational evidence can suggest causal effects, as illustrated by studies examining em-
pirical DQ and decision efficiency or economic losses [11,29]. However, such studies cannot
establish that changes in the outcome resulted from deliberate changes in the independent
variable. They therefore risk attributing causality to relationships that may instead reflect
other factors. Conducting more studies can reduce this uncertainty, but few studies have
examined the causal effects of DQ on decision-making.

Experiments provide the strongest design for testing causal effects. An experiment is
not simply a nominal descriptor of an investigation but a formal feature of study design.
Experiments are used when a study can (a) manipulate the independent variable(s) of
interest and (b) randomize the smallest experimental unit, often the subject themselves [30].

The statistical models for (uncontrolled) regression and correlation are identical,
but their designs differ substantially in the conclusions they support. Independent vari-
able manipulation is required to move from observing a state in the world, which may
reflect a spurious correlation, to demonstrating a dependence relation. In essence, if an
intervention causes a variable, and only this variable, to change, it becomes less likely that
another process explains the observed results. This is further strengthened by designs that
include a control condition, or counterfactual, to rule out the possibility that the dependent
variable would have changed in the same direction regardless [16,30]. By statistical theory,
randomization induces distributional matching across conditions, minimizing selection
bias and group differences. It also probabilistically excludes most confounding conditions,
such as unmeasured differences in intelligence or socioeconomic status [30,31].

While the above generally describes between-subjects designs (BS), experiments can
also use within-subjects designs (WS), in which each individual participates in all con-
ditions and serves as their own control. This is a valid and frequently used approach
that accounts for individual variance, but it requires adequate counterbalancing to reduce
carryover and order effects. It can also violate the assumption of equal variance between
pairs of conditions [32]. Common methods include complete counterbalancing, Latin
square designs, and block randomization [33]. In short, WS designs can improve statistical
power because structurally controlling BS variance requires fewer participants. However,
by construction, WS designs do not follow the principles that allow randomized control
trials to estimate the sample average treatment effect [30].

To illustrate the methodological issue, consider the two cross-sectional surveys
by [11,34]. Ref. [11] uses a PLS-SEM model to study DQ as a formative construct, while [34]
uses hierarchical regressions on the mean of an index of items. Both use correlational de-
signs to assess the impact of DQ, sometimes referred to as information quality, and therefore
risk faulty conclusions. The first study [11] uses no methodological or statistical controls,
leaving any number of alternative confounding variables that could influence the model.
The second study [34] regresses DQ on managerial satisfaction and uses IT investment
as a control variable, but it is unclear whether this is appropriate. IT investment could
plausibly be influenced by both DQ and satisfaction. Controlling for it could therefore
create a spurious relationship. This is known as a collider variable. Neither confounding
nor collider variables can be adequately addressed without an experimental setup because
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the theoretical model itself may be incorrect [16,30]. Moreover, both studies rely on respon-
dents’ judgments of the quality of data in their respective domains, which can be difficult
to measure accurately [17-19].

Figure 1 illustrates how correlational studies can yield faulty conclusions even when
respondents accurately report their constructs. Case I illustrates reverse causality, Case II
confounding, and Case III a collider. In all three cases, modeling the wrong relationship
relative to the actual relationship can still produce statistically significant results.

. Tested Actual Statistical
relationship relationship (seeming)
relationship

Decision
outcomes

Decision
outcomes ba

Decision
ba outcomes

confound

Decision /\ Decision
Quality ba Quality
Decision
Quality

DQ

control: IT collider: IT
investment investment

Managerial
/\ /\ 0a Managerial
Managerial
satisfaction

Managerial

DQ DQ

Figure 1. Examples of typical errors in correlational research.

Although large-scale organizational DQ studies often face design constraints, re-
searchers studying the behavioral effects of DQ should directly manipulate DQ and ran-
domly assign participants to conditions. When causal inference is the objective and an
experimental design is feasible, it should generally be preferred because randomization
provides stronger causal evidence than pseudo-experimental designs (manipulation with-
out randomization) or non-experimental designs (without manipulation or randomization).
However, these approaches remain valuable when experiments are infeasible. BS de-
signs are preferable when adequate sample sizes are feasible, but WS designs remain
appropriate when counterbalancing is properly implemented [33]. When manipulation or
randomization is not possible, prospective designs are generally preferable to retrospec-
tive or cross-sectional approaches because they establish temporal order. Retrospective
designs risk survivorship bias [35], while cross-sectional designs suffer from directional
ambiguity as well as confounding and collider issues [16,30]. If surveys are used, re-
searchers should address common method variance, for example, through single-factor
tests, marker variables, or by incorporating both subjective and objective measures [36].
All variables previously shown or plausibly hypothesized to affect the model should be
included [16,30]. Each experimental condition must also meet minimum sample size re-
quirements. Although power estimates could be based on correlational evidence, they
should also align with statistical theory. The central limit theorem suggests that samples of
roughly 30 observations are sufficient for approximate normality and stable conclusions for
many well-developed variables, with some sources suggesting that 20 observations may be
acceptable [37-39].

1.1.2. Data Quality

In practice, DQ is deeply intertwined with organizational interpretation, performa-
tivity, and value construction. Individuals subject to data-driven evaluation may adapt
their behavior to shape how data represent them, embedding performative dynamics
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in the data themselves [40]. Organizational actors therefore do not passively consume
data but actively participate in constructing what becomes accepted as organizational
ground truth [41]. At the same time, data undergo continuous repair, framing, calibration,
and amendment to make them valuable and actionable [42]. As shown by Mikalsen &
Monteiro [43], organizations pragmatically judge when uncertain data are “good enough”
for decision-making. Correlational surveys similarly risk conflating measurable DQ with
subjective beliefs about organizational quality [11]. Addressing this distinction is therefore
important for guiding practice.

There are numerous conceptualizations of DQ, with dimensions that sometimes over-
lap in their properties and sometimes share terminology despite differing in their con-
ceptual foundations or operationalizations [10,44,45]. Most modern conceptualizations
originate from the TDQM fitness-for-use tradition, also known as the information product
perspective. In this tradition, information is treated as an organizational resource that can
provide value to an end user if it is (a) free from deficiencies and (b) meets user needs [13,14].
DQ is divided into four categories: intrinsic, contextual, representational, and accessibility.
Broadly, these categories represent properties of the data, properties of data in use, data
structure, and within-system accessibility, respectively. Classically, and in many subse-
quent studies, dimensions within these categories are assessed through surveys of data
consumers [11-13,34]. While useful and informative, this user-centered approach favors
subjective measurement and the requirement that data meet user needs. Consequently, it
gives less attention to intrinsic dimensions that can be assessed objectively, such as accuracy
and completeness, and to the requirement that data be free from deficiencies.

Accordingly, this work takes an approach distinct from the fitness-for-use tradition:
the theoretical, or data manufacturing, perspective [10,23]. This perspective focuses on
internal aspects of DQ, or what other traditions refer to as intrinsic quality [13], as well as
object-to-data semantic quality [46]. Its primary foundation is the work of Wand & Wang on
ontology, which clarifies the relationship between real-world (RW) states and IS states [23].
They argue that errors occur when there is a mismatch between what data represent and
the RW state they represent. Specifically, errors occur when 1. the IS does not represent an
existing RW state (incomplete); 2. the IS state cannot be interpreted as a single RW state
(ambiguous); 3. an IS state does not map to any RW state (meaningless); or 4. an RW state
maps to a meaningless or incorrect IS state (garbling) Beyond these cases, the authors argue
that errors can also arise from composition.

The present work focuses on four DQ dimensions: accuracy, completeness, consistency,
and timeliness. This scope allows for an in-depth examination of some of the most common
and relevant dimensions [10,47]. The following are some of the most prominent definitions
of these dimensions.

The standard definition of accuracy is “The extent to which data are correct, reliable,
and certified free of error.” [13], p.31. It is also commonly referred to as correctness [24].
Common approaches to assessing accuracy include respondent opinion, gold standard
comparison, source agreement, data element agreement, syntactic accuracy, and validity
checks such as distribution comparison [24,48]. From an ontological perspective, inaccuracy
occurs when either a meaningless state is treated as the RW state or the wrong IS state maps
to the wrong RW state.

The standard definition of completeness is “extent to which data are of sufficient
breadth, depth, and scope for the task at hand.” [13], p.32. Common approaches to
assessing completeness include respondent opinion, gold standard comparison, data source
agreement, and the presence of data and variables [24,48]. From an ontological perspective,
incompleteness occurs when an RW state is left unmapped in the IS, either as a missing
value in a mapped instance or as a missing instance.
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A typical definition of consistency is “the extent to which data satisfy constraints” [24],
p-3. This most commonly means that the dataset must be internally consistent or in agree-
ment with external standards [24,48]. From an ontological perspective, inconsistency
occurs when two IS states that map to the same RW state are not identical, notwithstand-
ing transformations.

The standard definition of timeliness is “The extent to which the age of the data is
appropriate for the task at hand” [13], p.32, or “The extent to which data are promptly
processed and up to date” [24], p.3. Common approaches to assessing timeliness include
respondent opinion, time to availability, and log review (temporal examination of prac-
tice) [24,48]. Timeliness is closely related to data currency and can be understood as data
being updated in time for use. From an ontological perspective, timeliness must therefore
be understood temporally. A mapping may be correct at t = 0, but if the RW state changes
at t = 1, the mapping may become invalid because it now maps to a meaningless state.

We use this framework to assess existing experimental research on the impact of DQ
on decision-making.

2. Materials and Methods

The study used a scoping literature review to achieve its aim. In accordance with
common review guidelines, we selected four databases for the searches: Scopus and
Web of Science for their reputation as journal indexes, and IEEE Xplore and PsycInfo
for their topical relevance [49-51]. These were supplemented by forward and backward
citation tracking and snowball searches in Google Scholar to reduce inclusion bias [52,53].
The search keywords were (data quality OR information quality), (experiment OR RCT),
decision*, and (accuracy OR correctness) OR completeness OR consistency OR timeliness.
These were modified to meet the specific syntax requirements of each database.

Inclusion criteria: Studies were included if they experimentally examined the impact
of DQ on decision-making using any of the specified DQ dimensions as search terms.

Exclusion criteria: Because the study aims to evaluate the field’s methodologies
alongside their results, no criteria were set for methodological adequacy, such as those
discussed in Section 1.1.2. We excluded work that was not a peer-reviewed journal or
conference article, was not available in English, or did not have an obtainable full text.
Articles claiming an impact but not using an experimental design were also excluded. We
limited the search to works published after 1990, a period characterized by substantial growth
in IS research and the widespread adoption of personal computers, the internet, and LANs,
which were key media for information transfer relevant to this discussion [25,54].

Search results: Initial searches on March 6th 2026 generated 296 results from Scopus,
135 from Web of Science, and 14 from PsycInfo. IEEE Xplore returned no valid results.
Supplementary searches identified 52 articles for consideration. After abstract screening
and duplicate removal, 47 unique articles were retained for further reading. Most exclusions
at this stage involved studies using accuracy as a dependent variable to assess algorithms
or algorithmic studies using the term experiment to describe designs that were more
accurately classified as simulations or benchmark studies. Borderline cases that were
unclear from the abstract were retained for full-text review. After full-text review, 20 articles
met the inclusion criteria. The small final sample reflects the limited research in this
area. The full-text inclusion and exclusion decisions are available at Zenodo (see data
availability statement).

Evaluation method: The present study evaluated four aspects of study design to
determine which findings were sufficiently reliable and valid for inclusion in the summa-
tive assessment of the impact of common DQ dimensions. Studies containing multiple
experimental setups were evaluated separately for each configuration. First, each study

https://doi.org/10.3390/informatics13080136


https://doi.org/10.3390/informatics13080136

Informatics 2026, 13, 136

7 of 27

was classified as using a BS or WS design for the dimension under investigation. Al-
though causality is generally less threatened in BS designs, WS designs are vulnerable
to learning and order effects. Accordingly, we examined how stimuli were presented to
identify these risks. For both BS and WS designs, full randomization was classified as
adequate. In WS designs, random allocation among a limited set of stimulus orders was
classified as borderline if ordering effects were also examined statistically. Similarly, studies
using complete counterbalancing procedures, such as Latin square designs, were classified
as adequate. At minimum, studies using non-randomized WS schemes were required to
acknowledge and examine potential learning or order effects [33].

Second, we examined whether studies manipulated the intrinsic properties of the
dataset itself (dataset manipulation; DM) or merely informed participants that the data
were deficient without altering them (data quality information; DQI). DQI manipulates
perceived quality while leaving objective quality unchanged, thereby targeting subjective
beliefs rather than the informational properties themselves. This distinction affects the
conclusions that can be drawn from these studies. Moreover, DQI designs are particularly
vulnerable to demand characteristics, especially in WS settings where repeated exposure
may make the manipulation salient to participants.

Third, we evaluated total sample size and the number of participants allocated to
each condition. As stable statistical estimates generally require at least 30 observations
per group [37,38], studies with 30 or more participants per condition were classified as
adequate. Because some recent work suggests that 20 participants may be sufficient [39],
studies with 20-29 participants per condition were classified as borderline, while smaller
samples were classified as potentially unreliable.

Fourth, we assessed how each DQ dimension was operationalized. Specifically, we
examined (a) whether the operationalization aligned with the dimension’s definition and
conceptual treatment presented in the previous section, indicating whether the intended
construct was actually examined; and (b) the measurability of the operationalization based
on its level of measurement. Although ordinal DQ manipulations may capture qualitatively
meaningful differences, they restrict the statistical analyses available and provide less
insight into the magnitude of manipulation effects. Across all criteria, unreported method-
ological features that prevented evaluation were treated as weaknesses in study design.

The classifications of previous research limitations are not intended to dismiss their
contributions but to identify where their approaches limit causal inference and how they
can be extended through more rigorous designs.

Following this evaluation, we synthesized findings from the most methodologically
robust studies, namely those that best minimized causal ambiguity, while interpreting
findings from weaker designs with caution based on their specific limitations and collect-
ing them for methodological development [16,30,37]. The analytical criteria used in this
assessment are summarized in Table 1 .

Table 1. Study aspects evaluation.

Design (Variable, Manipulation . Definitional o
Judgment BS/WS) (DM/DQI) Group Sizes Adherence Measurability
Full randomization of Objective/subjective Proper mapping to
Adequate designs conditions/trials, Latin 1 ) >29 P ppIng Interval, ratio
differentiation errors [23]
square
. . Partial randomization Objective/subjective . . . -
Borderline designs of trials to set orders acknowledgment 20-29 Ambiguous mapping ordinal/qualitative
Self-selection/No I - .
Weaker designs order effects Objective/subjective <20 Wrong mapping nominal
. neglect (garbling)
examination
unreported unreported unreported indeterminable indeterminable
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3. Results
3.1. Accuracy/Correctness

Much of the existing research on accuracy focuses on DQI rather than manipulating the
underlying data themselves. These studies therefore primarily assess reactions to perceived
differences in quality. This distinction is important because informing participants that data
are of poor quality differs fundamentally from requiring them to work with objectively
low-quality data. Treating these approaches as equivalent risks conflating the effects of
objective and perceived quality in both analysis and reporting. A related weakness of many
designs is the tendency to operationalize accuracy as reliability. Whereas accuracy refers to
the extent to which data truthfully correspond to their referents [46], reliability reflects how
frequently data have been accurate over time, that is, the probabilistic expectation [23].

Excluding studies with less robust sample sizes, the available evidence from DQI
designs suggests that quality statements increase perceived quality and confidence in
decisions based on that information. These effects are stronger when participants are
also informed that the information source is trustworthy, which may further influence
decision outcomes [55-57]. However, these findings do not directly demonstrate the effects
of accuracy itself; rather, they reveal that individuals incorporate new informational cues
into their evaluations and decisions. In two studies [55,57], participants never observed
the underlying data and received only DQI. They instead judged how they would act
based on information indicating that the unobserved data were poor. This design therefore
captures responses to accurate DQI rather than to the underlying data, making it difficult
to attribute the observed effects to DQ itself. Another study that provided participants
with data found that experts were more capable than novices of integrating DQI into their
judgments [58]. Although these designs demonstrate that people respond to DQJ, they do
not directly provide evidence that DQ affects their actions.

On the DM-design side, no studies employed adequate sample sizes, although the
available findings tentatively suggest improvements in task and decision quality when
accuracy is manipulated directly [59,60]. Two studies combined DQI with no-DQI perfor-
mance, representing a pseudo-DM design. They found that decision quality improved
when information was more accurate without participants being informed of its quality,
while the presence of such information increased decision time [61,62].

However, these findings must be interpreted in light of definitional adherence. First,
operationalizing accuracy as the probability of correctness does not fully capture the
correspondence between a dataset and its referent. This reflects an older conceptualization
of accuracy that does not distinguish it from related DQ dimensions in the way more recent
frameworks do [55,57,61,62]. Second, ref. [59] operationalizes accuracy using a scaled
error measure. The authors define this as (x/(correct value — most distant bottom value),
BV < x < CV, then aggregate it across all x. This formulation has several problems. It
constrains error to a fraction of the correct value and can produce negative accuracy. It can
also produce accuracy values above one when BV and CV are close in magnitude, and it is
undefined rather than equal to one when there is no variance. The measure also cannot
accommodate negative values. Consequently, it behaves more like a fractional measure
and is functionally closer to completeness, where quality decreases as fewer instances are
correctly represented.

In summary, experimental evidence on the effects of accuracy on performance is lim-
ited and has weaknesses in sample size and adherence to modern definitions. Although the
number of available studies is small, their findings generally align with the normative
expectation that higher quality improves performance. The results of the accuracy review
are presented in Table 2. For each study, the main results of the dimensional analyses are
presented as statistically significant positive relations (+), statistically significant negative
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relations (—), or non-significant results (n.s.) when investigated. We summarize our main

judgments in the table, with more extensive analysis provided in the Zenodo material.

Table 2. Overview of previous experimental research designs for Accuracy.

Accuracy Main Results from
Work Design (i) Operationalization Increased Accurac Summary Judgment
(Descriptor) y
) 0-100 (alt. above/below  (1/8 sig.) top choice unknown sample,
[63] BS, DQI () average) (reliable) changed wrong mapping
(4/8 sig.) ignoring DQI
[53]  BS, DQI (59, 19 (uneven)) 0-1 | provided DQI or  Novices ignore, experts low sample,
! ! not (reliable) integrate wrong mapping
(35) experts integrate adequate
[56] WS, DQI (37) pii’fgfrlnsaifep;fe Z(li(z;;ie (+) decision confidence wrong mapping
(sig.) reported value
green, yellow, red . low sample,
[64] BS, DQL(16) (quality tag) ignored IDQ ordinal /unmeasurable
having DQI (+) time to
decide
0-1, BS: presence of DQI low sample, unknown
[61] BS, DM ! (15) (“percentage of (+) novice task accuracy definition,
accuracy”) wrong mapping
(n.s.) time (novice)
(15) (n.s.) expert task
accuracy
(—) time (experts)
x/ (correct value-most . o3 low sample,
[59] BS, DM (10) distant value) (+) decision quality wrong mapping
[62] BS, DM ! (27) 0-1 | having DQI (+) 2 task accuracy borderline sarr.lple,
(chance of correct) wrong mapping
(—) time to decide
[60] BS, DM (20) 0.6, O'Eéé)eﬂv()e'gtrﬁ?}ii)nce to (+) worker performance borderline sample
(—) superior oversight
borderline sample,
5-stage chance true (+) judged information wrong mapping,
571 WS, DQL@25127) (credibility) accuracy demand
characteristics risk
unjudicable
credibility—average
accuracy
. wrong mapping, ordinal,
[55] WS, DQI (37188) low, high chance true -, judged quality demand

(credibility)

(+) judged accuracy > (+)
trustworthy

(+) judged quality if
source reliable

characteristics risk

1 A special case, performance is judged against displayed quality, making no DQI condition perfect dataset
quality. 2 DQ novices performed worse. 3 Supply chain decisions. BS = Between-subjects design. DM = Dataset
Manipulation. DQI = Data quality information. WS = Within-subjects design.
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3.2. Completeness

Contrasting with accuracy, most completeness assessments manipulate the dataset
by providing participants with only a subset of the full material. However, it remains
unclear whether completeness affects decision-making, as studies with adequate sample
sizes failed to reject the null hypothesis. The operationalization closest to the definition
of completeness did find an effect on decision quality but only allocated 10 participants
to each condition, making the finding unreliable and in need of replication [59]. One
study without broader methodological limitations found no effect on preferred gamble,
but it is unclear whether this resulted from the smaller manipulation, which hid only one
of six dice-roll payoffs rather than testing several levels of completeness [65]. Several
studies also manipulated completeness qualitatively, for example, by adding or removing
details. Although this is a reasonable way to create differences in completeness, it makes the
magnitude of the manipulation difficult to measure and may result in only weak differences
between conditions, potentially confounding the results [66-68]. The results of the review
are presented in Table 3.

Table 3. Overview of previous experimental research designs for Completeness.

Completeness Main Results from
Work  Design (1) Operationalization d ] Summary Judgment
(Descriptor) Improved Completeness
lacking status, number,
[67] WS, DM (29) or direction of enemy (n.s.) simulation perf. borderline sample, qualitative
aircraft
present elements/all . o1
[59] BS, DM (10) clements (+) decision quality low sample
[68] BS, DM (20) grﬁig;ggg:;’{ ;;iajl_:t(}ire’:‘,;l)ed (+) threat judgment borderline sample, qualitative
[65] BS, DM (94) 5/6 or 6/1(<>ri:1)1‘c;noutcomes (n.s.) preferred option adequate
(n.s.) trust in advisor
(n.s.) switch advisor
[66] BS,DM (43) advice £”strong argument” (n.s.) investment judgment qualitative

1 Supply chain decisions.

3.3. Consistency

The literature contains few studies examining different forms of inconsistency.
The findings are mixed: consistency does not appear to improve argument persuasive-
ness, but medium levels of information consistency may make individuals more pre-
dictable [55,69]. Two studies also produce conflicting results because they use different
scoring rules for consistency, with one assuming a linear improvement and the other
suggesting that medium consistency is more favorable [55,57]. Moreover, these studies
derive consistency from DQ)I, including information about accuracy and source reliability,
rather than from inconsistencies in the data themselves. As with accuracy, this makes
it unclear whether the findings generalize to decisions based on objectively inconsistent
data. The only other study, which most closely follows the definition of internal inconsis-
tency [23], suggests that consistency does not affect decisions, but its small sample limits
the conclusions that can be drawn [59]. The results of the review are presented in Table 4.
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Table 4. Overview of previous experimental research designs for Consistency.

Consistency Main Results from
Work Design (i) Operationalization . Summary Judgment
. Improved Consistency
(Descriptor)
[59] BS, DM (10) conﬂ1cts§lfloiiqﬂz tfor value (n.s.) decision quality 1 low sample
[69] BS, DM (47 152) expert contrast/support (n.s.) target argument valitative
! target persuasiveness q
s borderline sample,
[57] WS, DQI (25127) source reliability —accuracy (+) test-retest consistency ambiguous mapping,
agreement
demand characteristics risk
(+) consistency between
analysts
source reliability—accuracy  (+, medium) test-retest ambiguous mapping,
531 WS, DQL(37) agreement consistency 2 demand characteristics risk
(88) (+, medium) test-retest
consistency

1 Supply chain decisions. 2 Redoes the analysis of [57] with their scoring rule (MANE) to achieve the same result

as their own on test-retest consistency.

3.4. Timeliness

Despite being common in practice, experimental studies of timeliness appear to be
limited to machine learning algorithms rather than human decision-makers [24,70]. For ex-
ample, one study operationalizes dataset timeliness as the proportion of tuples that have
not been replaced, such that Timeliness = (n — R)/n, where R is the number of replacement
instances introduced for reclassification and n is the total dataset size [70]. This opera-
tionalization captures timeliness by varying the proportion of older instances replaced with
newer ones and is broadly consistent with the present notion of garbling, in which a value
fails to update and becomes outdated or meaningless. The measure therefore provides an
overall indication of dataset currency and, if fitness-for-use is assumed to depend largely
on currency, is consistent with timeliness as commonly conceived: data being available
when needed. However, the operationalization may also overlap with accuracy because
unreplaced tuples can become inaccurate when their underlying RW states change. Thus, it
remains unknown whether timeliness affects human decision-making. Although timeliness
affected algorithmic performance, it is unclear whether these effects would translate to
decision-makers using the algorithm’s outputs. Theoretically, timeliness should affect
judgment when decisions are made using outdated information under changed conditions.
Its effects are also likely to depend on context, as some tasks are more sensitive to change
and some objects are less stable.

3.5. Experiments Using Non-Standard Dimensions

A few studies have examined data and information quality using non-standard termi-
nology, focusing on holistic quality rather than individual dimensions. As a result, they
provide limited clarity regarding which additional variables were manipulated and how
they can be measured. These include partially significant results, with 3 of 5 tests indicating
an effect of data-cleaning operations on task performance but not task completion time
(BS, DM, 73) [71]. Another study found a significant effect of contextual DQ, contrasting
relevant, complete, and aggregated data with their opposites, on task accuracy and com-
pletion time (BS, DM, 10) [72]. Improvements in information quality through increasingly
relevant social interactions also improved the accuracy of personality judgments (BS, DM,
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56) [73], while another study found similar effects only when interaction duration was
sufficiently long (BS, DM, 78) [74]. Finally, objective, analytical, and persuasive negative
product reviews significantly affected purchase risk, purchase intention, and product at-
titude compared with casual, brief, and subjective negative reviews (BS, DM, 64) [75].
Broadly, these manipulations are too broad to support detailed IS planning or identify
specific mechanisms, but they nevertheless suggest that overall DQ and information quality
can improve performance.

4. Discussion
4.1. Discussion of Review Findings

The literature on experimental DQ effects is sparse. Existing studies mostly highlight
that DQI can influence judgment and confidence but provide limited evidence that DQ itself
affects performance, while the mechanisms underlying these effects remain underexplored.
Non-significant findings may also reflect weak manipulations rather than true null effects,
as it is often unclear how much the qualitative and ordinal variables actually differed
between conditions. Of 19 BS experiments across 16 studies, only 11 had adequate sample
sizes. Among seven WS experiments across four studies, four had adequate sample sizes.
Their controls included complete randomization of items (3), reversing question order
for half the participants (2), and partial randomization into two versions (2). None fully
counterbalanced carryover and order effects, and only one discussed learning effects,
limiting exposure to three of five conditions [67].

Four studies also instructed participants to use DQI according to specified decision
strategies, making their results measures of adherence to instructions rather than natural
responses to DQ as they might occur in practice [58,61,63,64]. Only three studies examined
management-adjacent tasks: supply chain decisions [59], oversight [60], and job attrac-
tiveness ranking [58]. Only one of these had an adequate sample size and found that
experienced decision-makers, but not novices, tended to use rather than ignore DQI [60].

One finding suggests that the ontological model may require an extension: Ge &
Helfert [59] incorporate error magnitude into their operationalization of accuracy. This
captures an aspect overlooked by most operationalizations, as errors of the same size in
data elements can have very different consequences. For example, an ice cream truck selling
500 or 50,000 units in a day would be inaccurate by one tuple in either case, but the magni-
tude of the error differs substantially. Error magnitude should therefore be incorporated
into accuracy measurement.

Overall, evidence for DQ’s impact is weak. Studies have limited causal strength,
often fail to distinguish perceived from actual quality, use small samples, and employ
operationalizations that are only partly aligned with the constructs or difficult to measure.
The tasks also span multiple disciplines, limiting what the literature reveals about IS
performance. Some findings suggest that DQ matters, but the literature mainly establishes
that people respond to information about DQ rather than that DQ itself affects behavior.
Addressing these gaps is necessary to establish DQ as a causal factor in IS research and
inform practice. We now move to the second stage of the study and define a model based
on the framework and findings above.

4.2. Methodological Development

To address limitations in previous attempts to study the causal impact of DQ, ob-
jective DQ and perceived quality must be independently and measurably manipulated.
The following specification uses basic set notation to formalize these operational defi-
nitions. This notation explicitly defines the original dataset and the degree to which it
is altered, enabling unambiguous DQ manipulation and facilitating comparison across
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studies. The dimensional specifications build on established operationalizations where
appropriate (e.g., [59,70]) while extending them through integration with the ontologi-
cal model. This reduces ambiguity in the operationalization and manipulation of DQ in
IS research.

Definitions: Let I =1, ..., n be the index set of the dataset. Let £ =1,...,m be the set
of entities contained within the dataset. Here, an entity denotes the underlying RW unit or
event that a measurement corresponds to, whereas the dataset index is merely the position
at which this measurement is stored. Let }V denote the space of possible values, including
the missing-value indicator N/ A, while F represents possible syntactic representations.
Let an entity-designation function be g : I — £, where g(i) identifies the entity e to which
index i belongs ¢;. Let v : I — V be the value assigning function, where v(i) defines
the value of the i-th entity. Then, let f : V — F be the syntax-assignment of a value,
such as “five” or 5. A dataset X of size n is then defined as a function X : I — V x F,
where X(i) = x; is the observed value of X at index i, given the value v; and format
fi for the entity designated by g(i). For simplicity, it is said to be fully generated at
the discrete time t. This will serve as the correct dataset, representing perfect DQ, such
that each observed value corresponds to its true value, Ix = I, and x; # NA for all
i € I. A modified dataset X, with an altered quality, generated from X, can be specified
similarly: X,(i): I, = VxF :q;, L CI, & =g(l) C E. This generates at least two
experimental conditions for assessing performance: participants making decisions with X
and X,, respectively. For simplicity, we exclude entity-class attributes and their indicators
here, but the model can be extended to include them when their relationships are known.
Such relationships can be defined in X and modified in X,.

Accuracy: The specification must capture error magnitude while remaining conceptu-
ally separate from reliability (previous performance or the probability of being correct). We
use functions for clarity and consistency when comparing operational definitions across
studies. One way to induce errors (X — X,) is to consider the original distribution £(X)
and assign new values to a percentage of X based on this distribution. These values
represent incorrect but non-outlying instances at selected indices g;. The error can be
understood as mistakenly copying or entering a more common value instead of the correct
one. To assess dataset-level accuracy without conflating it with completeness, accuracy
should only consider elements that are present.

Accuracy(X,) =1— ||If}r||, A={iel |q#x}, L'={i€el]|q#N/A} (1)
e

However, this conceptualization is not useful for tuple-level inaccuracy, as it would
yield only 0 or 1. We must therefore also define error relative to the original value. Be-
cause this measure is highly domain-sensitive, percentage deviation from the true value
provides one way to obtain comparable values across studies.

o+ A g,
LelAl 4 CNTH g fien g AN/AL @

Accuracy(X,) =1 — ,
) 7] xi

This formulation resolves prior specification issues [59]. It captures both over- and
underestimation as errors while avoiding overlap with completeness. It is functionally
equivalent to MAPE, a common forecasting loss function [76], and can generate fixed
or varied error levels while remaining interpretable at both the tuple and dataset levels.
Although MAPE fails when actual values are zero and is sensitive to extreme relative
errors [77], control over X allows these issues to be managed experimentally.

DQI can distinguish knowledge from ignorance of DQ, enabling a 2 x 2 factorial design
of objective and subjective DQ manipulations. Participants should be informed only about
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the overall quality of the dataset, not individual items, specific errors, or error magnitude.
Such detailed information could guide participants toward particular corrections rather
than alter their perception of overall quality. Where possible, DQI should be conveyed
naturally, for example, through a source indicating limited confidence in the dataset,
evidence of quality controls, or other contextual cues signaling quality or its absence.
This is preferable to explicitly presenting a quality metric, which may increase demand
characteristics by signaling how participants are expected to interpret the data.

DQI is nevertheless imperfect for inducing perceived DQ because it informs rather
than allows individuals to judge quality as they would in practice. The alternative, pre-
senting information outside participants’ expectations of reasonable values, places greater
demands on their training and perceptual and cognitive processes, introducing multiple
uncontrolled variables. These expectations are shaped by prior experience within the
domain, expressable as E(X,(t)) ~ L(X.(T < t)), where T denotes all previous experi-
ences before testing. Because this process cannot be estimated precisely, and individual
differences in expectations cannot be isolated, DQI provides a more controlled means of
inducing a qualitative shift in perceived DQ. In some cases, natural experiments may be
possible in which domain experts perform familiar tasks using datasets they normally use.
A pilot study can then identify observations that fall within or outside participants” general
expectations, allowing a qualitative shift in perception to be used to structure X and X,.

Prior to the main experiment, pilot tests should assess whether the manipulation is
reasonable. Following the task, an information-quality survey such as the AIMQ instru-
ment [14] can assess the success and strength of the perceptual manipulation and support
subsequent analyses.

Completeness: At the dataset level, completeness is the number of expected indices
in the test set that have missing values. The modified dataset may also omit entire entities
(missing rows/tuples), so entity completeness should likewise measure expected entities
that are absent. Previous studies generally restricted missingness to selected attributes,
which does not reflect how information typically goes missing [66—68]. Random missing-
ness is more ecologically valid unless a specific attribute is theoretically relevant. Thus,

Completenessy(X,) =1 — |CIT|' Co={iel|X.(i)=N/A} 3)
Completeness,(X,) =1 — |C;||, Co={ec&|Picl:g(i)=c¢} 4)

Strictly speaking, completeness may also refer to information sufficient for the task [13].
This raises difficult questions about what information is sufficient and what prior knowl-
edge users possess, which are usually too complex to model. Researchers should instead
compare performance using X and X, in a domain where participants have no relevant
prior knowledge, assuming that performance with the valid set X represents achievable
performance. This is similar to previous work using benchmark performance as a refer-
ence [61,62].

Perceived completeness concerns whether participants recognize task-relevant informa-
tion as present or absent. Unlike objective completeness, which can be manipulated by
removing observations or values, perceived completeness depends on whether participants
recognize this absence. Providing an unaware participant with a dataset with or without
missing values will generally align perceived and objective completeness. However, per-
ceived completeness can be manipulated in objectively incomplete datasets by retaining
complete values for observed entities while omitting entities relevant to task performance.
The dataset may therefore contain no visibly missing values while remaining incomplete
at the entity level. Conversely, perceived missingness can be induced through natural cues
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indicating absence, while the control condition provides no such cues. As with perceived
accuracy, specific manipulations should be pilot-tested and assessed using a post-task
information-quality survey [14].

Consistency: This dimension concerns whether multiple data points referring to
the same entity agree. Although consistency is sometimes defined relative to external
standards, an internal standard can be treated as a second data point referring to the same
entity. To avoid overlap with accuracy, consistency should focus on agreement within the
IS without reference to the true object. Thus, in experimental practice, consistency should
concern data comparisons rather than correspondence with the represented object. This
aligns with semiotic conceptualizations of DQ, which distinguish syntactic comparison
from semantic representation [46]. In the ontological model, this corresponds to comparing
IS states internally. Consistency therefore operates within the X, space V x F, such that
tuples referring to the same entity agree or disagree regardless of whether they match the
represented object. It can be divided into differences in data values (C,) and differences
in the format of the same entity value (Cy). Thus, data can be fully consistent without
being accurate.

Consistency,(X,) =1 — ||§v||, Co={ec& |Fijel:g(i)=g() N v(i) #v()} (5)
C
Consistency; (Xe) =1 1, = {e€ & |3 e lesgli) =) A o) =) A SO A7)} ©

Timeliness(X,)

&l

Because of the above setup, value consistency (Cy,) is less restrictive because it allows
transformations that preserve the underlying value, whereas format consistency (Cy) is
more restrictive and requires identical representations. If a total inconsistency metric is
desired, the union C, U C ¢ captures all inconsistent entries arising from value or format
differences. The two sets are disjoint because their value conditions are mutually exclusive:
Co requires different values, whereas Cy requires equal values.

The consistency setup requires assessing performance using either uncleaned or un-
merged data within a single dataset, or multiple joined datasets containing disagreements.
Format inconsistency can then be assessed using completion time as a separate dependent
variable. Perceived inconsistency can be induced through value-consistent format differences,
with the manipulation assessed using post-task surveys [14].

Timeliness: Task fit related to data age, and thus data currency, can be investigated
by designing experimental tasks that receive frequent updates from a generative model
and varying the dataset update frequency. This approach is similar to the limited previous
work [70]. At time t + 1, the task is presented and dataset X is updated. A selected
percentage of tuples (the timeliness condition) fails to update and retains its previous value
from X(t), generating X,. Timeliness is therefore evaluated as

T

S1opp T= e LI Xt 1) = X(it) A X(0,t+1) £ XG0} 7)

This provides a measure of dataset currency based on the proportion of values up-
dated when required. As with completeness and some experimental accuracy studies,
fitness-for-task can be benchmarked against performance using X(t + 1) [61,62]. A simple
experimental condition can use a generative model with a basic drift parameter for the
entity and compare performance across different levels of timeliness. For perceived timeliness,
participants can be presented with cues indicating temporal change and data currency,
such as timestamps or update indicators, while delaying information to induce differences
in perceived timeliness. Manipulation success can be assessed using a standard post-task
information-quality survey [14].
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4.3. Proof of Concept: Completeness Analysis
4.3.1. Setup

We now demonstrate the above framework using publicly available data. We use
the well-known Choices13k dataset [78], which contains binary risky-choice lotteries with
varied values and distributions for studying behavior under risk and ambiguity. Partici-
pants choose between two lotteries, with either complete or incomplete information about
possible outcomes (Figure 2).

Relevance to this work: This dataset does not permit direct examination of accuracy,
consistency, or timeliness as defined in our model, as all would receive perfect scores.
The provided values and probabilities are treated as veridical representations of the in-
tended experimental parameters and thus constitute the reference information set X defined
by the experimenter rather than noisy data. However, the dataset’s ambiguity parameter can
be used to study information completeness. In particular, variation in outcome structure
provides a basis for examining how incomplete representations affect decision behavior.

The present analysis does not re-evaluate the extensive literature on risky-choice
prediction. Prior analyses of the Choices13k dataset have largely set aside ambiguity in favor
of classical expected-utility or risk-based models, which assume known probabilities and
stochastic outcomes [78,79]. Similarly, this study does not seek to compete with large-scale
predictive models such as BEAST in predictive accuracy (e.g., CPC18 [80]). Instead, it
focuses on interpretability and the construct-level effects of completeness to demonstrate
the proposed methodological approach and its potential contribution to research on DQ
and decision-making. Although the Ellsberg paradox (i.e., ambiguity aversion [80,81]) is
relevant, the dataset does not include problems where lotteries A and B have identical
structures but B has unknown probabilities. It therefore cannot test the paradox directly,
although its effects may be inferred from the main effects of completeness.

Unambiguous (A/B) choice scenario| Ambiguous (A/B) choice scenario

(Classic risk) (Unknown risk)
Lottery A Lottery B Lottery A Lottery B
Payoffyy X1 % Payoffyy, ? %

Payoff,;, p % Payoffe,  Xp % Payoffs4, p %

Payoff, ?%
Payoff., (1-p) % Payoff,, (1-p) % Yollbz

Payoffyn,  Xpn % Payoffon, ? %

All "x" sumto 1. All "?" sum to 1.

Figure 2. Risky choice setup for Choices13k dataset contrasting choice scenarios with lottery B having
known payoff probabilities x, with unknown payoff probabilities “?”.

This proof of concept demonstrates how the proposed model can be implemented.
As discussed, previous research provides an incomplete picture of completeness effects.
Adequately powered studies have primarily examined qualitative differences, such as the
presence or absence of arguments or details [66,68]. The main measurable studies have
either been underpowered [59] or failed to reject the null for relevant outcomes such as
preferred option, potentially because of weak manipulations [65,66,68]. Overall, prior
research suggests that completeness may affect behavior and performance, motivating the
following hypotheses.

H1. In line with the Ellsberg paradox, more incomplete information increases uncertainty, inducing
more ambiguity aversion and decreasing P(B) at parity.
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H2. Completeness moderates the relationship between value expectations and choice probability.

Choices13k Experimental setup: The dataset examines risky choices between options (A
and B) with different payoff structures [78]. It gained prominence for including 13,000 dis-
tinct problems, roughly 30 times more than previous datasets. A total of 14,711 participants
were randomly selected to complete 20 problems, each repeated five times to estimate
choice certainty. Participants were financially incentivized, with their eventual payout
linked to their total gains across problems. They were also randomly assigned to receive
feedback after each problem, with payoffs generated according to the problem structure.
On average, 16.7 participants completed each problem, below the sample size considered
desirable for stable problem-level estimates, and therefore introducing uncertainty. How-
ever, aggregating the five trials per participant provides more stable estimates of individual
choices, while the large number of problems and participants provides sufficient informa-
tion to estimate the aggregate choice function across levels of completeness. This does not
eliminate uncertainty in individual-problem estimates but should be sufficient to estimate
the shape of the choice function and provide broad insights.

The design can be described as a mixed-effects repeated-measures structure with
one BS manipulation (feedback: yes/no) and multiple WS variations in value, structure,
and completeness. In a conventional WS design, participants would complete identical or
overlapping item sets, requiring careful counterbalancing to control for order and learning
effects. In contrast, the dataset uses fully randomized item sets across participants, distribut-
ing potential order and learning effects across the large sample rather than systematically
exposing participants to specific sets or orders. This design prioritizes population-level
inference by treating observations as realizations of a stochastic decision process rather
than repeated measurements of the same items within individuals. The focus therefore
shifts from WS contrasts to estimating systematic effects of task features across a large
and heterogeneous sample. The dataset is dominated by the completeness = 1 condition
(n = 11,759), which was the original study’s main focus. The incomplete conditions, which
are of interest here, contain an average of 351 items each (minimum 67), providing sufficient
observations for the present analysis.

Variable specification: Completeness is defined by the payoff values and probabilities
presented to participants. C, = 0 because all expected entities are present, while C, depends
on the amount of information hidden. Thus, complete conditions are identical to X and
the incomplete conditions represents X, as alterations to completeness. As discussed in
Section 4.2, perceived and objective completeness coincide because only values, not entities,
are omitted, and participants receive no information that challenges this perception.

By construction, lottery A contains four pieces of information from its two outcomes.
Lottery B contains either 2n pieces of information when Ambiguity = 0 or n when all
probabilities are missing (Ambiguity = 1). Completeness is therefore

|Co Amb *n

Completeness,(C13k) =1 — ] =1- A+on ®)

While completeness captures the number of options and their structure, participants
may also respond to the values presented. Although not central to the analysis, we there-
fore specify four possible value-based strategies: (1) optimistic, (2) pessimistic, (3) equal-
probability assumptions when B is unknown, and (4) expected value (EV). Table 5 summa-
rizes these strategies, which are estimated in separate models to avoid multicollinearity.
Here, v denotes possible payoffs. Strategy 3 draws on prior findings suggesting that
individuals may assume equal probabilities under uncertainty or ignorance [55,57,82].
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Table 5. Examined behavioral strategies no Choices13k data.
Strategy Strategy Definition Implementation
1. Optimistic argmaxpea gy (MaxyeL 0)  MaXpea U — MaXpep U
2. Pessimistic argmaxca gy (Minyer v)  MiNges v — Mingeg ©
3. Equal probability argmaxye 4,y (E[L] D) E(A) —YX(v(B))/n
4. Expected value argmaxye 4 g} (E[L]) E(A) —E(B)

1 Expected value under ambiguity is the assumption of equal weight.

We model the population-level probability of choosing lottery B as a function of
value and structure, with a two-way interaction between value strategy and completeness.
Feedback was included as a covariate to assess whether learning about choice outcomes
affected overall choice.

We estimate a B-regression with a logit link, appropriate for proportional data and
consistent with prospect-theoretic choice behavior [83]. For the 26 lotteries with B choice
rates of exactly 0 or 1, we apply the Smithson—Verkuilen correction [84]. We compare model
fit (AIC, BIC) and explanatory power (Ferrari & Cribari-Neta’s pseudo-R? [85]), then assess
completeness in the best-fitting model using odds ratios and interaction plots.

We also run separate analyses for complete and incomplete cases to account for poten-
tially different value strategies when expected value cannot be evaluated. For comparability,
the complete-information analysis uses the number of outcomes in B in place of complete-
ness. Diagnostic tests, including Q-Q plots, posterior predictive checks, and homogeneity
of variance tests, revealed no issues. The R (4.4.3; R Foundation for Statistical Computing,
Vienna, Austria) code is provided in the Supplementary Material while the Choices13k
data are publicly available.

4.3.2. Completeness Results

The best-performing strategy depended on completeness. Overall, expected value was
the strongest predictor. When completeness = 1, comparing the expected value of A and B
is the most rational choice strategy, which was predictive of choice behavior. In incomplete
cases, however, behavior shifted toward the equal-probability assumption. Although the
optimistic and pessimistic strategies were predictive, they were consistently outperformed,
suggesting that they are not the primary drivers of choice. Choosing B also depended
on completeness (main effect), and completeness moderated how utility was evaluated.
Feedback had no significant effect.

Overall, the best-fitting models indicates substantial explanatory power: the full-
sample expected value model (R?> = 0.37), the incomplete-only equal-probability model
(R? = 0.30), and the complete-only expected value model (R? = 0.40). Full model results
are presented in Table 6.
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Table 6. Full, incomplete-only, and complete-only sample regressions for P(B) over the value strategy, completeness, and feedback.
Wald OR [95% C.I
Model Dataset _ 2 [ ] Ferrari R? AIC BIC
Utility A-B ! Completeness >  Value | Completeness > Feedback

Optimistic Full 0.99 ***0.98, 0.99] 0.67 ***[0.58, 0.76] 1.01 ***[1.01, 1.01] 1.01 [0.97, 1.05] 0.04 —3922.04 —3876.52
Incomplete 1.01 *[1.00,1.02]  0.05 ***[0.03, 0.09] 0.98 *** [0.96, 0.99] 0.96 [0.88, 1.04] 0.12 —1053.14 —1017.50

Complete 1.00 ***[1.00, 1.00]  1.03 ***[1.02, 1.04] 1.00 * [1.00, 1.00] 1.02 [0.97, 1.06] 0.02 —3007.09 —2962.86

Pessimistic Full 0.98 ***[0.97,0.98] 0.44 *** [0.39, 0.50] 1.01 ***[1.00, 1.01] 1.01[0.98, 1.01] 0.10 —5035.03 —4989.51
Incomplete 1.03 **[1.01,1.05]  0.06 ***[0.04, 0.11] 0.93 *+*10.91, 0.96] 0.97 [0.90, 1.06] 0.19 —1307.63 —1271.99

Complete 0.98 ***[0.98,0.98] 1.04 ***[1.03, 1.04] 1.00 *** [1.00, 1.00] 1.02 [0.98, 1.07] 0.09 —4049.99 —4005.75

Equal probability Full 0.95***10.95,0.96] 0.82**[0.72, 0.94] 1.03 *** [1.03, 1.04] 1.02 [0.98, 1.06] 0.10 —5037.26 —4991.74
Incomplete 1.11 **[1.09, 1.13]  0.07 *** [0.04, 0.13] 0.82 *** [0.80, 0.85] 0.99 [0.92, 1.07] 0.30 —1786.86 —1751.22

Complete 0.98 ***[0.97,0.98] 1.04 ***[1.03, 1.04] 1.00 *** [1.00, 1.00] 1.02 [0.98, 1.07] 0.08 —3788.34 —3744.11
Expected value Full 0.97 **[0.96,0.99]  0.48 ***[0.43, 0.53] 0.90 ***[0.89, 0.92] 1.02 [0.98, 1.05] 0.37 —10,916.33 —10,870.81
Incomplete 0.99 [0.92, 1.06] 0.04 ***[0.02, 0.06] 0.89 *[0.81, 0.98] 0.97 [0.89, 1.05] 0.28 -1671.19 —1635.55

Complete 0.89 ***[0.86, 0.92] 1.04 ***[1.03, 1.04] 1.00 *** [1.00, 1.01] 1.03 [0.99, 1.07] 0.40 —9665.30 —9621.06

% 1 < 0,001, * p < 0.01, * p < 0.05. ! Variable depends on strategy by row as in Table 5. 2 For the complete-only dataset, the completeness variable is replaced by the number of options

in lottery B.

https:/ /doi.org/10.3390/informatics13080136


https://doi.org/10.3390/informatics13080136

Informatics 2026, 13, 136 20 of 27

For clarity of interpretation, which is particularly challenging with log-odds and in-
teractions, we interpret the results using Figure 3. The graphs suggests that completeness
significantly alters the decision process. As information becomes more incomplete, individ-
uals become less certain that the dominant option is preferable, regardless of whether A
or B dominates. The results also reveal distinct behavior under complete and incomplete
information. The full-sample model does not capture this shift, as it is dominated by the
complete cases, which constitute the majority of the sample. This is reflected in its improved
explanatory power when incomplete cases are excluded. Instead, the incomplete cases
better align with strategy (3). Thus, the results suggest a qualitative shift in strategy when
information is both risky and incomplete, which the full-sample EV model cannot capture.
These findings support H2. The superior performance of the equal-probability model in
incomplete trials is also consistent with previous research on how people judge unknown
probabilities [55,57,82].

In a supplementary analysis, we confirmed that the model predictions align with the
Ellsberg paradox (H1). In the classical Ellsberg scenario (value and option difference = 0),
the equal-probability model predicts P(B) = 0.46 under both feedback and no-feedback
conditions, while the complete-information model predicts values closer to indifference
(P(B) = 0.49 and 0.48, respectively). Because P(B) < 0.5 and the complete condition is
closer to 0.5, these predictions are consistent with Ellsberg’s ambiguity aversion, supporting
H1 in this scenario.

1.00
0.75 \ Completeness Completeness
9-29 0.75 0.59
) - o8 ) - o8
£.0.50 - 0.62 = E 060
o - 0.64 0 0.50 - 064
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Figure 3. Beta-approximations of the choice function across the best-performing models in the
respective datasets. (a) Expected value differences and completeness in the full sample. (b) Expected
value difference to mean of B and completeness in the incomplete-only sample. (c) Expected value
differences and B options in the complete-only sample.
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Contrary to our expectation that greater incompleteness would increase aversion,
this pattern reverses as completeness decreases, with preferences shifting toward B as the
number of hidden P(v;) values increases. This is visible in Figure 3b, at X = 0. The same
pattern appears in the raw data within a small range (+5) around EV(A) — Mean(B) = 0.
The standard Ellsberg setup (completeness = 0.75) points to a slight preference for A
(mean = 0.48, median = 0.47), whereas cases with completeness < 0.75 indicate a preference
for B (mean = 0.52, median = 0.54). More generally, the effect of completeness appears to
increase with more extreme utility differences, consistent with the significant interaction
between completeness and the relationship between P(B) and value reported in Table 6.

Because similar effects were observed for the number of options and completeness
in the complete-data sample, we conducted a post hoc test to assess the added value of
completeness as a concept. We regressed completeness on the number of options and
used the residuals as a predictor in a hierarchical model. Including residual completeness
improved AIC by 35.1 (from —1757.5 to —1792.6), and a likelihood-ratio test confirmed
a significant improvement in fit, x?(2) = 39.07, p < 0.001. Thus, completeness explains
additional variance in choice beyond the number of options in B, supporting its inclusion
and indicating that preference for B does not simply increase with the number of outcomes
it contains.

4.3.3. Discussion of Completeness Results

As discussed in the review, previous studies directly examining completeness have
produced mixed results, ranging from non-significant effects to impacts on decision qual-
ity, although some were limited by small samples [59]. Related decision-making studies
have examined varying levels of ambiguity in urn-choice tasks. One study found gen-
erally decreasing ambiguity aversion as ambiguity decreased in both adolescents and
adults, consistent with our Ellsberg results [86]. Another found that greater ambiguity
increased uncertainty, requiring larger utility differences to motivate the same choice,
consistent with our finding that uncertainty has a stronger effect when utility differences
are larger [87]. That study also identified an intra-individual amygdala response during
ambiguous choices, consistent with the amygdala’s role in emotional processing and the
representation of positive and negative utility [87,88]. Finally, a study using partially
hidden graphical distributions similarly found that ambiguity increased both its effect on
choice and perceived risk, particularly with larger value differences [89].

Overall, our results are consistent with Ellsberg-paradox research (e.g., [90], replicat-
ing [81]) and studies manipulating missing information. However, the preference reversal
as the number of outcomes under incompleteness increases appears to be novel, warranting
further investigation.

4.4. General Discussion

The summative picture across these two phases is that experimental research on the
causal impact of DQ remains underdeveloped. Existing studies often suffer from design
limitations, including small samples and mismatched operationalizations, with mixed
evidence of DQ effects. These limitations highlight the need for further research on DQ
impacts, as well as potential trade-offs and interactions.

The proposed method can help resolve methodological ambiguities, facilitate compar-
ison by mapping variables onto a common framework, and guide future applications. Its
primary purpose is to clarify what is being studied when results are compared or synthe-
sized, while explicitly distinguishing and manipulating objective and subjective DQ. Our
proof of concept demonstrates the method’s applicability to such research, but more direct
and full application is warranted.
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The present work highlights that the impact of DQ on decision-making remains poorly
understood and requires greater attention. Consequently, the growing use of big data, open
data, and public-sector data-driven initiatives proceeds without sufficient understanding
of how specific DQ issues affect users and decision-makers [1-5]. Poor-quality data can
also be difficult to identify before its consequences become apparent [17-19], potentially
contributing to the persistent challenges faced by data-driven initiatives [91-94].

These findings suggest that ensuring intrinsic DQ before expanding data access may be
preferable to exposing decision-makers to unknown risks. The completeness investigation
identifies one such risk: reduced decisiveness and, in some scenarios, a preference for
multiple unknowns over known risks.

The present work has several limitations. First, the review excludes non-causal empir-
ical research, despite a substantial field of literature of well-designed, adequately powered
studies that could provide additional insights [11,12]. Including this literature could
broaden the evidence base, although it would also reintroduce the risk of causal misat-
tribution discussed in the experimental theory section. Second, the review focuses on a
single theoretical perspective [23] and excludes the common fitness-for-use view, which
permits subjective appraisal of intrinsic dimensions. This was considered necessary be-
cause IS research contains numerous overlapping DQ concepts and definitions [44,45].
A measurable quality model therefore requires a clearly defined theoretical perspective;
here, DQ is treated as objectively definable independent of context. Third, the review was
conducted by a single author, so the analysis was not cross-checked by a second coder and
may contain subjective judgments. Finally, the relatively small evidence base may reflect
the field-specific terminology used in the review. A cross-disciplinary review incorporating
alternative terms for the phenomena represented in the ontological model could reveal
additional evidence. However, such terminology is difficult to identify systematically
and may not map directly onto IS concepts. For example, ambiguity in risk analysis can
encompass unknown distributions and unclear interpretation, overlapping with but not
being ontologically identical to missing information and potentially reflecting different
cognitive processes.

For the proof-of-concept analysis, stronger causal attribution could have been achieved
using a BS design across completeness conditions. The average of 16.7 participants per prob-
lem also limits the precision of individual-problem estimates, although the large number
of problems provides a reasonable approximation of the choice function. The Choices13k
dataset also omits outcome probabilities rather than introducing random missingness,
meaning that outcome values could also have been missing in a more natural design.
Moreover, lottery A always contained two outcomes, which may have influenced results
through its fixed structure and relative simplicity. For example, its expected value is easier
to calculate than B’s, potentially affecting choices through fatigue or information overload.
Finally, experimental research base may have limited ecological validity. The dataset con-
tains only a subset of management-adjacent tasks, while the proof of concept itself uses a
highly abstract decision task.

Thus, further research should examine DQ in more ecologically valid settings while
using designs that provide stronger causal evidence than existing approaches to operational-
izing DQ. The methodological approach outlined here offers one pathway for doing so,
while complementing rather than replacing correlational evidence. Further research should
also address the identified limitations, test alternative operationalizations and contexts,
and replicate and extend the findings of both the review and the proof-of-concept analysis.
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5. Conclusions

DQ is essential for value generation, yet basic research on its mechanisms remains lim-
ited. This work moves beyond correlational evidence to examine the small body of causal
research, revealing inconsistent and mismatched operationalizations, small sample sizes,
weak controls and manipulations, and insufficient distinction between objective quality
and subjective perception. Advancing the field requires robust methodological practices,
including adequately powered experimental designs grounded in established DQ and
methodological theory. We provide concrete design recommendations and demonstrate
their applicability through a proof of concept. The empirical analysis identifies complete-
ness as both a direct determinant of choice and a moderator of utility evaluation, with its
negative effect on decisiveness becoming stronger under more extreme utility differences.

Future research should apply the model more fully and examine additional DQ and
information-quality dimensions, such as accessibility, relevance, and reliability. As the
present model considers only the micro-level case of an individual information user under
controlled conditions, future work should examine DQ effects in organizational contexts
shaped by data work, organizational cultures and structures, and institutional and group
influences. Future research should also examine where causal and correlational evidence on
DQ and decision-making converge or diverge. More ecologically valid experiments, cross-
disciplinary evidence of adjacent constructs, and replication across contexts are needed
to strengthen the evidence base. Addressing these directions can strengthen IS theory’s
predictive and explanatory power while increasing the practical value of DQ research for
IS practice.
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