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This manuscript aims to raise awareness of the need for Sensory &
Consumer Science professionals to be more diligent about data
quality control when conducting consumer surveys and
experiments online. This aim is achieved by (i) summarising recent
research on data quality by Jaeger and Cardello (2022) and Castura
et al. (2023), (i) contributing to a broader understanding of data
quality, and (i) recommending a more systematic adoption of
practices aimed to enhance data quality in online consumer
research. Various suggestions are put forward to support Sensory
& Consumer Science professionals who wish to pay greater
attention to the quality of online data collection. We advocate for
making online consumer data quality an integral part of the
research process to improve the validity and reliability of research
outcomes, ultimately benefiting the final users, including science,
industry, and policymakers.

Addresses

" Department of Agri-Food Economics and Marketing, School of Agriculture,

Policy, and Development, University of Reading, Reading, United Kingdom
2 Department of Food Science, Aarhus University, Aarhus N, Denmark

Corresponding author: Jaeger, Sara R (sara.jacger@food.au.dk)
" 0000-0003-2274-8450
#0000-0002-4960-5233

Current Opinion in Food Science 2025, 63:101307

This review comes from a themed issue on Sensory Science &
Consumer Perception

Edited by Qian Janice Wang

For complete overview of the section, please refer to the article
collection, “Sensory Science & Consumer Perception 2025”

Available online 3 April 2025
https://doi.org/10.1016/j.cofs.2025.101307

2214-7993/© 2025 The Author(s). Published by Elsevier Ltd. This is
an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).

Introduction
In the last decade, Sensory & Consumer Science has
continued to experience more research using surveys'

! Survey is a method typically employed to gather quantitative data
about respondents’ attitudes, opinions, preferences, behaviours, or
characteristics. A questionnaire is the typical tool used to collect survey
data with limited control, and no manipulations on the variables of
interest.

Check for
updates

and experiments,” where the participants are recruited
via online platforms [1,2]. This trend, mirrored in psy-
chology, sociology, economics, marketing, and other
disciplines [3,4], has been driven by multiple factors.
These include (i) the growing availability of online
platforms that offer low costs, speedy data collection,
access to large consumer panels to more geographically
dispersed countries, and ease of use [5,6], (i1) the need to
test new product concepts and consumer preferences of
foods not yet fully developed or approved for market
commercialisation [7], (iii) the need for improved ex-
ternal validity of research outcomes which necessitates
the use of large and more representative consumer
samples [8], (iv) the ability to use/adopt more flexible
experimental designs [8], and (v) the high costs and lo-
gistics management challenges related to central location
tests and fields experiments [8]. Assuming that the trend
toward greater reliance on online participant recruitment
and research implementation continues, data quality
merits greater attention [9,10] since reduced or low data
quality can significantly affect the informational value
for science, industry, and policymakers that the data give
rise to [11-13].

At the outset, we wish to clarify that it is not our intent
to suggest that professionals in Sensory & Consumer
Science per se are unappreciative of the importance of
data quality. A notable example to the contrary is de-
scriptive sensory analysis, a cornerstone methodology in
sensory science where panellists are carefully screened,
selected, and trained, as detailed in a core textbook [14],
and their performance is closely monitored, for example,
relating to discrimination, repeatability, reproducibility,
and scale use [15,16]. However, our field has no similar
body of literature regarding consumer research. This
may be linked to Food Science (and Technology) being
the dominant educational background in Sensory &
Consumer Science [17], which likely means that training
in social sciences (e.g. marketing, psychology, and eco-
nomics), where surveys and experiments are popular
methods for collecting consumer data, is minimal. In
turn, some Sensory & Consumer Science professionals
may lack knowledge of and experience with survey

2 Experiment is a method typically employed to respondents to
determine causality by examining the effects of manipulating one or
more independent variables on dependent variables. Thus, data col-
lected using experiments typically have high degree of control, and
manipulations on the variables of interest.
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2 Sensory Science & Consumer Perception

Figure 1

* During the research design process, professionals are encouraged to identify and motivate the choices, eventually, of
appropriate ex-ante data quality improvements actions and post hoc participant elimination strategies to be included in
their survey and experiment designs.

* Develop a plan before initiating data collection about which criteria will be used for post hoc eliminations and if there

Before data are limits for the percentage of eliminated participants without jeopardising power, face validity, external validity, etc.

collection ! A ‘
Consider pre-registration.

During data .

collection their answers [9].

After data
collection

Consider how post hoc eliminations can impact sample representativeness and decide how to handle this issue.

*  Ex-ante, consider how all empirical decisions (e.g., experimental design, question wordings and instructions, response
scales, task ease and repetitiveness, survey length, participant inclusion criteria, participant recruitment, etc.) can
influence data quality (incl. degree of participant attention) and if some decisions counteract / enhance other decisions
from the perspective of data quality. Justify your reasoning and empirical decisions.

* If multiple data quality indices are used, decide which are the most important in the context of stated aims and
hypotheses and develop a plan for which criteria can be loosened in order to not risk dropping too large a proportion of
completions. Provide transparency about the criteria used for such decisions.

*  Obtain information from the selected online recruitment platform about the characteristics of their panels, i.e.
recruitment procedures, type of sampling used, their experiences with online survey, methods to recruit better
respondents, sub-contracting with other panel providers, etc.

* Eventually add respondent screening questions, in addition to the ones already implemented by the selected online
recruitment platform [1] because professionals might have stricter criteria in the sample selection.

Professionals can choose that respondents who failed screeners/trap questions should be offered the chance to revise

*  Perform sensitivity analyses to assess the robustness of findings with and without the excluded data.

» In case where the external validity of the outcomes is important, professionals should provide statistics which compare
characteristics (e.g. socio-demographics) of the sample with entire reference population (e.g. census data).
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Suggestions for Sensory & Consumer Science professionals on explicitly and transparently integrating data quality considerations into online
consumer research. Grouped by the stages of research — before, during, and after data collection.

design and incomplete awareness of the factors that can
reduce data quality.

Against this background, we seek to strengthen awareness
of the need to be more diligent with data quality control
when conducting online consumer surveys and experiments
(Figure 1). To this end, we briefly summarise (i) Jacger &
Cardello [2], who reviewed the literature on factors affecting
the data quality of online questionnaires and identified is-
sues and metrics of relevance for Sensory & Consumer
Science, and (ii) Castura et al. [1], who addressed re-
spondent screening and the impact of doing so on data
quality in consumer product testing. We build on these
contributions and offer a broader understanding of data
quality, recommend a more systematic adoption of practices
to enhance data quality in online consumer research and
provide several recommendations for future research. We
hope to help Sensory & Consumer Science professionals
address data quality issues and adapt these to individual
studies as needed.

Current recommendations about data quality:
benefits and shortcomings

Jaeger & Cardello [2] identified 16 factors (Table 1)
linked to data quality, and from these, they developed

10 recommendations (T'able 2) covering both ex ante
(before data collection) and post hoc (after data collection)
strategies to follow when conducting consumer surveys
and experiments online. The use of ex ante strategies,
including clear and concise questions to minimise mis-
interpretation, attention checks [18] and instructional
manipulation checks [13,19] progress indicators to keep
participants engaged, designing surveys that are user-
friendly and not overly long or complex, providing clear
instructions [20], and emphasising the importance of
honest, and thoughtful responses (e.g. cheap talk scripts)
should be considered during the design and data col-
lection phases of online consumer surveys and experi-
ments because they can help reduce the need for
extensive post hoc participant elimination ahead of data
analysis, which is wasteful and time consuming. Elim-
ination is typically based on imposed criteria for survey
and experiment completion rates and time, item re-
sponse times, response attention and accuracy, and
straight-lining response behaviour. Jaeger & Cardello [2]
urged that authors include written data quality state-
ments in their articles and that these be explicit about
how the final sample was achieved and data cleaning
undertaken. Interested readers can find an example data
quality statement in Figure 3 of Jacger et al. [21] but are

Current Opinion in Food Science 2025, 63:101307
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Table 1

List of 16 factors affecting data quality in online consumer
surveys and experiments grouped into three categories. Based
on Jaeger and Cardello [2].

Factors affecting data quality by category

Study design and administration
1. Mode of administration and electronic device used
2. Completion incentives
3. Respondent interest in the topic
4. Study length
5. Question difficulty and clarity of instructions
6. Question response modes and scales
Respondent demographic and psychographic characteristics
7. Respondent identity: human vs robot
8. Age and gender
9. Respondent education and cognitive ability
10. Respondent familiarity/literacy with data collection devices
11. Respondent survey/experiment-taking experience
12. Respondent personality characteristics
Distractions, carelessness, and maladaptive attitudes and behaviours
13. Distractions in the survey/experiment-taking environment
14. Respondent attitudes toward surveys/experiments
15. Careless responding
16. Satisficing response behaviour

Table 2

List of 10 recommendations regarding study information and
data quality metrics to provide when conducting surveys and
experiments online and reporting the findings in scientific
journals. Ordering does not indicate relative importance. Based
on Jaeger and Cardello [2].

Descriptions of the recommendations

1. State software platform for questionnaire administration
(including any ISO certification) and database for participant
recruitment. Explain incentive structure, if any.

2. Describe the questionnaire-taking experience of the
participants (e.g. average number of questionnaires per
month), if applicable.

3. Calculate rates of completion, drop-out, and post-hoc
elimination, ideally relative to participants invited.

4. Report proportion of skipped or missing responses by
question if applicable. Indicate when forced answers were a
requirement to proceed to next question in the survey/
experiment.

5. Report task and/or survey completion times. If eliminating
speedsters, state criteria for doing so and percent eliminated.

6. Describe protocols used to identify and eliminate nonhuman
(bot) responses. Include percent eliminated, if available.

7. Describe post hoc measures used to identify careless or
inattentive  participants (e.g. straight-line or random
responders). Give details of how these are used to eliminate
participants and give percentages.

8. Describe ex ante measures used to assess data quality (e.g.
trap questions, instructed manipulation checks, cheap talk
scripts). Give details of how these are used to eliminate
participants and give percentages.

9. Describe measures used to assess participant engagement,
topic interest or questionnaire enjoyment or satisfaction. Give
details of how these are used to eliminate participants and give
percentages.

10. Describe proactive or embedded manipulations to improve
attention or engagement. Give details of how these are used to
eliminate participants and give percentages.

Data quality in online consumer research Asioli and Jaeger 3

reminded that the form of the data quality statement is
unimportant per se. 'The content matters most, and the
information needs not be given in a single statement but
could be integrated into an article or report at different
relevant places.

The study by Castura et al. [1] on respondent screening
as a means to increase data quality in consumer product
tests is directly relevant for Sensory & Consumer Science
professionals because of the popularity of such tests for
understanding consumer opinions and perceptions of food
products. The authors found that excluding consumers
who gave low-quality screener responses (e.g. those (i)
declaring to consume some fictive food brands, (ii) pro-
viding a low-effort description, (iii) responding in a con-
tradictory manner, (iv) and completing the test faster than
high quality screener respondents) affected product test
results. Specifically, screener-passing respondents better
differentiated between product concepts in an online
consumer test. In alignment with the generally re-
cognised importance of data quality, the authors’ over-
arching conclusion was that “data-quality screening has
the potential to yield the same results with fewer con-
sumers, which realizes cost savings, or to obtain better
quality data from a same-sized panel, which gives more
insight and greater confidence in decision making” (p. 7).

The current recommendations for professionals in Sensory
& Consumer Science about data quality are valuable be-
cause they are specific and can be used as-is without digging
deeply into the data quality literature. Considering the high
demands often placed on academic and industry profes-
sionals, we believe the recommendations’ tangibility in-
creases their likelihood of uptake. Although knowing what
‘tools’ are available to improve and monitor data quality in
online surveys and experiments, such knowledge has lim-
ited value without a shared understanding of the hallmarks
of higher versus lower data quality. Progress on this is con-
tingent on a definition of data quality, which in its simplest
form reduces to fitness of use from the data users’ per-
spective [22,23].

Data quality is best understood as a
multidimensional continuum

‘Fitness for use’ is intuitive as a definition of data quality
but lacks operational details and does not clarify that
data quality is multidimensional and exists on a con-
tinuum. However, the earlier sections of this article
showed that data quality has multiple dimensions or
properties [24]. If these, in the case of bad data, include
being inaccurate, inaccessible, out-of-date, redundant,
inconsistent, incomplete, incomprehensible, un-
representative, and unethical [22,25], good data possess
the opposite dimensions and properties. That a data
quality continuum exists is also evident since data, for
example, can be consistent, inconsistent or partly
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inconsistent, representative, and ethical. However, the
criteria that distinguish between different levels of data
quality and on what metrics are not so clear. In addition,
there is the challenge that the key aspects of data quality
vary by discipline. For example, data quality in the
context of behavioural research [6] differs from data
quality in organisational information systems [26], and
big data introduces more criteria and dimensions to
evaluate data quality than have previously been con-
sidered [27]. Even in the context of survey research,
researchers from statistics, psychology, political science,
behavioural science, and consumer science approach the
topic of data quality differently [28], which can hinder
communication and has led to disagreements about the
importance of various components of error and quality. It
is beyond the scope of this manuscript to perform a
systematic review of the data quality literature, but in-
terested readers are referred to Ehrlinger & W68 [12].
Of particular relevance for Sensory & Consumer Science
professionals are the studies on data quality and its di-
mensions by Peer et al. [6] and Arndt et al. [3].

When is data quality good enough?
Considering our experiences, we expect many Sensory
& Consumer Science professionals to face difficulty
deciding when data quality is good enough. A few
simple and widely agreed-upon criteria would be nice,
but the understanding of data quality as a discipline- and
context-specific multidimensional continuum means
that such criteria are unlikely to exist. Instead, it may be
partially up to individual professionals to decide what
degree of quality is needed in each study and then, with
full transparency, indicate what quality criteria were
implemented and why. This elevates data quality to an
explicit part of the research process that needs to be
incorporated from the planning stage onwards.
Moreover, it places the responsibility of data quality on
professionals, not respondents or online platforms, a
point also made by Cuskley et al [29].

For help in deciding when data quality is good enough, the
literature is surprisingly unhelpful. Tentatively, this has
less to do with a lack of methodological studies and more to
do with a reluctance to acknowledge an inextricable link
between quality and cost. In other words, there is a cost
implication to improving data quality, a point initially made
by Groves [28] when writing about a lack of errors as an
indicator of quality in survey research. While the cost—
quality relationship may not apply to every aspect of data
quality, it does apply to some. Yet acknowledging this link
and referring to resource constraints as a determinant of
empirical decisions (e.g. online platform selection, partici-
pant eligibility criteria, sample size, and representative-
ness) is, in our experience, frowned upon. Nonetheless,
resource constraint is a fact, with unequal consequences for
professionals from different continents [30]. Whether or

not data collection budgets are tight, ‘cost efficiency’,
which drawing on Groves [28], means maximising quality
given the available resources, can be a way to prioritise
different data quality dimensions and metrics. Arndt et al.
[3] and Douglas et al. [31] are examples of research that
compares different online platforms on selected quality
metrics and reports participant incentives (US$). Studies
like these can help explore cost efficiency and understand
how overall data quality increases as additional metrics are
specified and applied.

In this regard, professionals should also remember that
interdependencies can exist between different quality
measures. Groves [28] noted that improving response
rates through heavy persuasion can increase sample size
but lead to data with more measurement error, for ex-
ample, due to respondent inattention. To illustrate, it
may be possible to achieve 500 completions of an online
experiment in 10 hours or less, but speed is only valuable
for sound decision-making if responses are obtained
from target participants and not prioritised over elig-
ibility criteria (i.e. obtaining responses from participants
not in the target group to achieve n =500 as quickly as
possible). A key question facing professionals is which
aspect of data quality matters most, which may depend
on the specific study context.

Explicit and transparent integration of data
quality into online consumer research

Drawing on the above, we recommend that the prevalent
mindset among Sensory & Consumer Science profes-
sionals regarding data quality in online consumer research
could be ‘engineered and checked’. This builds on the
perspective that data quality is their responsibility [29].
The value of understanding data quality as a continuum is
that it allows professionals in Sensory & Consumer Sci-
ence to evaluate online platforms, identify ways to im-
prove data collection to mitigate sources of bias,
appropriately analyse data, and transparently report their
research in line with the current trends [32]. At the same
time, researchers must refrain from unethical and non-
reproducible behaviour (e.g. p-hacking), under the guise
of pursuing greater data quality. The principle of ‘en-
gineered and checked’ elevates data quality to an explicit
part of the research process and provides a framework for
evaluating empirical decisions. We propose this mindset
be used in addition to the recommendations by Jaeger &
Cardello (2022), hereby serving as a ‘next step’ in the
quest for higher data quality in online consumer research.
Several suggestions for professionals on how to explicitly
and transparently integrate data quality considerations
into online consumer research are given in Figure 1.

Discussion and conclusions
We advocate that Sensory & Consumer Science profes-
sionals should be explicit about how their data perform

Current Opinion in Food Science 2025, 63:101307
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on key dimensions of quality and document any steps
taken to improve quality through cleaning, validation,
etc. However, we acknowledge several limitations. For
instance, using survey duration as a proxy for data
quality is not always an accurate measure [13]. It can also
be the case that the use of online panels produces
‘professional respondents’ whose behaviour may be in-
fluenced by their experience as regular survey partici-
pants, potentially rendering them unrepresentative of
the population of interest [33].

Future research avenues are recommended in this field
to improve data quality, for example, to compare dif-
ferent ex ante and ex post approaches or how to combine
them, how many and where to position trap questions to
be more effective, to compare the outcomes of attentive
versus inattentive respondents (e.g. speeders versus
nonspeeders). Since data quality issues are also receiving
considerable attention in other disciplines, Sensory &
Consumer Science professionals are encouraged to stay
informed about such developments. We can likely learn
from their efforts and adopt or amend them as appro-
priate.

The rapid proliferation of artificial intelligence (Al) is
likely to influence data quality issues. Integrity aspects
relate to whether responses are provided by humans or
Al AT tools can also be used to help design surveys and
experiments and analyse data. These options need to be
used with caution to mitigate bias and prevent misuse.

In conclusion, the key message of this manuscript is that
greater effort, training, and investment are needed to
enhance data quality in consumer science. We advocate
for integrating data quality as an important component of
the online research process, which should also be
documented in published articles. Overall, the main aim
is to improve the validity and reliability of research
outcomes, ultimately benefiting end users, including
scientists, industry professionals, and policymakers.
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