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Securing Higher-quality Data from Self-Administered Questionnaires 

 

Abstract 

After highlighting the primary purposes and quality considerations of survey research, we 

briefly discuss previously recommended approaches for ensuring and improving data quality. 

Then, we introduce the articles in this special issue that feature novel solutions for 

improvement. 
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Will behavioural and ‘big’ data replace or complement survey data (Miller, 2017; 

Sturgis and Luff, 2020)? Seemingly, the answer is the latter. Recent studies suggest no 

decline in consumer survey usage (Sturgis and Luff, 2020). Unlike behavioural and ‘big’ 

data, the enduring benefits of survey methodology include investigating ‘why’ (i.e., tapping 

into underlying attitudes, beliefs, and values), offering patrons a channel for voicing their 

pleasures and concerns, assessing inherently subjective and thus indirectly observable 

marketing constructs (e.g., processing fluency, which is better captured by self-reports than 

proxy measures), and reducing privacy concerns via informed consent (Kostyk et al., 2021; 

SurveyMonkey, 2021). In addition, survey data can provide a more comprehensive 

perspective on consumer behaviour than transactional data and online data. In essence, 

surveys will continue to be a vital data source for academic and industry research (Miller, 

2017). 

Nevertheless, academic and applied marketing researchers will need to adapt their 

surveys to an evermore challenging respondent environment characterised by low 

participation rates, shortened attention spans, fraudulent responses, server farms, and ‘bot’ 

respondents (Bohannon, 2016; Couper, 2013; Dennis et al., 2020; Perkel, 2020). Insensitivity 

to this new data collection reality will produce inaccurate results that increasingly discredit 

assessments of public sentiment and behavioural intentions. For example, consumer surveys 

and political polls differ in purpose and scientific rigour, yet recent inaccurate political 

polling has caused eligible voters to question the accuracy of survey research (National 

Research Center, 2019). Regardless, survey researchers must strive to minimise reputational 

damage and optimize survey-data-based decisions by enhancing data quality. 

Many marketing scholars have scrutinised survey data quality (Goodman et al., 2013; 

Peterson, 2001; Sears, 1986; Smith et al., 2016). We organised Table 1 around five types of 

currently recognised threats to survey data quality: (1) respondent recruitment, (2) 
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respondents’ attentiveness and response accuracy, (3) respondents’ engagement and interest, 

(4) data collection on new, tech-enhanced platforms, and (5) post-collection data handling. A 

survey’s primary purpose determines these issues’ severity. For example, most of these issues 

matter little for surveys meant to give voice, yet attentiveness and accuracy matter 

considerably for surveys focused on attitudes, motives, and beliefs. 

----- Place Table 1 here ----- 

Survey researchers have proposed different solutions for each data quality threat 

based on the relevant emerging scholarship. Survey design-related solutions often focus on 

participant recruitment (Paas, Dolnicar, and Karlsson, 2018; Zhang and Conrad, 2014), as 

well as multi-method and modular survey designs (Bansal et al., 2017). Questionnaire design 

solutions revolve around the layout and the features of the data collection instrument itself. 

They include presentation of instructions (Brosnan, Babakhani, and Dolnicar, 2019), attention 

checks and warnings (Meade and Craig, 2012; Oppenheimer, Meyvis and Davindenk, 2009; 

Paas and Morren, 2018), and novel question formats and gamification (Dolnicar, Grün, and 

Yanamandram, 2013). 

Researchers must carefully select and implement these solutions depending on the 

survey’s primary purpose. Although attention checks, gamification, surveytainment, and 

warnings can improve data quality for surveys designed to enhance marketing scholarship, in 

some circumstances these techniques may be inadvisable because they bias respondents’ 

cognitive and affective processes (Abbey and Meloy, 2017; Kostyk, Zhou, and Hyman, 

2019). Alternatively, these methods may be acceptable for benchmarking (e.g., longitudinal 

customer satisfaction surveys), forecasting, or population profiling surveys meant to 

accurately estimate demographic, socio-economic, and other population parameters. For such 

surveys, a representative sample is critical to securing accurate population estimates, and thus 

researchers can offer creative incentives to motivate potential participants. 
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Post-collection data handling can affect analytical results markedly because even a 

small percentage of untrustworthy data can significantly bias reported findings (Barnette, 

1999; Bollen and Arminger, 1991; Lind and Zumbo, 1993, Liu and Zumbo, 2007). Again, the 

recommended methods differ depending on the survey’s purpose. For example, data 

imputation techniques (e.g., mean substitution, listwise deletion) may boost population 

profiling or forecasting survey accuracy, and composite data quality indices can boost the 

accuracy of forecasting models. However, for surveys meant to advance marketing 

scholarship about consumer attitudes and beliefs, identifying and deleting careless or 

mischievous responses is more critical than data imputation (Hyman and Sierra, 2012; Perkel, 

2020). 

Misleading data can yield published reports that retard scientific progress or 

encourage harmful business actions. Some conventional wisdom about survey data collection, 

cleaning, and transformation may need revisiting, as many iconic survey research texts were 

largely or wholly written during the pre-internet and pre-social media era (Dillman, Smyth, 

and Christian, 2009; Payne, 1951). Marketing researchers require new approaches to ensure 

high-quality survey data collected across data collection modes. Hence, this special issue of 

the International Journal of Market Research is dedicated to novel approaches for improving 

data quality from self-administered questionnaires. It represents an opportunity for marketing 

researchers to share their insights about evaluating and enhancing survey data quality. The 

four articles herein address multiple challenges encountered by a survey researcher and offer 

recommendations for overcoming them. 

Special Issue Overview 

In “Data quality assurance: What marketing researchers absolutely need to 

remember,” Moore, Harrison, and Hair propose a data quality assurance framework that 

emphasises survey-based research methodology and related data collection sources. The 
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framework presents step-by-step guidance about ‘best practices’ for ensuring data quality and 

improving research outcomes. Supported by the relevant literature, the proposed framework 

encourages a holistic approach to tackling data-related research challenges from initial 

conceptualisation to the communication of results. Although they strongly encourage 

preemptive measures to reduce data quality problems encountered during early research 

stages, the authors also note that rigorous data processing techniques would further ensure 

data quality and research integrity. In essence, researchers can confidently present more 

robust research results by proactively integrating data quality assurance mechanisms into the 

research design. 

In “Enhancing self-administered questionnaire response quality using reminders,” 

Saunders and Kulchitsky present a novel approach (i.e., embedded code-of-conduct 

reminders) for prompting survey participants to respond more consistently with researchers’ 

integrity expectations. Improved consistency can encourage more systematic and ethical 

responses, reducing the likelihood of participants acting unethically and providing lower-

quality data. The authors relate the Hunt-Vitell General Theory of Marketing Ethics to survey 

respondents’ teleological and deontological tendencies and code-of-conduct reminders’ effect 

on questionnaire responses. 

Phillips argues in “Using examples to increase recall in self-administered 

questionnaires” that the conventional wisdom about including long and exhaustive lists of 

examples in self-administered questionnaires to help respondents recall infrequent and 

irregular events may backfire. Enlightened by part-set cuing theory, Phillips’ empirical study 

suggests truncated lists of examples that cue non-prototypical subcategories can aid recall 

while increasing questionnaire design efficiency. She also recommends aiding recall via 

examples that cue low-accessibility or non-prototypical subcategories (versus high-

accessibility or prototypical subcategories). The underlying mechanisms that yield such 
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changes may be due to respondents’ subcategory knowledge. Although the study does not 

directly tie these findings to improved data quality and accurate responses, it lays the 

foundation for exploring possible best practices. 

 Roster’s “Using memes in online surveys to engage and motivate respondents” relies 

on a comprehensive literature review and a mixed-methods approach to examine the effect of 

Internet memes on survey participants’ engagement levels and response quality. Although the 

quantitative experimental findings were indecisive, deconstruction of participants’ open-

ended qualitative responses suggests that embedded memes make questionnaires more 

entertaining and less burdensome to complete. 

Collectively, the four articles acknowledge the vital role that self-administered 

questionnaires play in marketing and consumer behaviour research. Consistent with this 

special issue’s mission, the authors suggest novel and likely effective approaches for 

improved data collecting and processing. Notwithstanding often overblown claims about 

insights gleanable from ‘big data’, survey research will remain vital to studying consumers’ 

needs, perceptions, attitudes, and behavioural intentions. Hence, these articles suggest 

underexplored survey research approaches that should improve research reliability. 
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Table 1 

Threats to Survey Data Quality and Possible Solutions 

Research 

Purpose 

Threats and Possible Solutions 

 Respondents’ Recruitment Respondents’ Attentiveness 

and Response Accuracy 

Respondents’ Engagement 

and Interest 

Data Collection on New, 

Tech-enhanced Platforms 

Post-collection Data 

Handling 

Uncover 

‘why’: 

Attitudes, 

motives, 

beliefs 

Issue severity: Moderate 

 

Survey design solutions: 

• Filter undesirable 

respondents before data 

collection based on 

selected personal 

characteristics (e.g., 

tendency for speeding, 

Paas, Dolnicar, and 

Karlsson, 2018; Zhang and 

Conrad, 2014) 

Issue severity: High 

 

Survey design solutions: 

• Supplement survey data 

via multi-method research 

designs (e.g., focus groups 

and depth interviews) 

 

Questionnaire design 

solutions: 

• Better presentation of 

questionnaire instructions 

(Brosnan, Babakhani, and 

Dolnicar, 2019) 

Issue severity: High 

 

Questionnaire design solutions: 

• Use novel question formats 

and gamification (Dolnicar, 

Grün, and Yanamandram, 

2013; cf. Guin, Baker, 

Mechling, and Ruyle, 2012) 

Issue severity: Moderate 

 

Questionnaire design 

solutions: 

• Leverage web-based 

platforms (Casler, Bickel, 

and Hackett, 2013; Dodou 

and de Winter, 2014; 

Peterson et al., 2017) 

 

• Use high-tech features 

such as embedded media 

and augmented or virtual 

reality (e.g., video/ 

animation versus text for 

posing questions) 

Issue severity: High 

 

Solutions: 

• Identify and delete 

careless or mischievous 

responses (Hyman and 

Sierra, 2012; Meade 

and Craig, 2012) 

Population 

profiling and 

forecasting 

Issue severity: High 

 

Survey design solutions: 

• Offer novel incentives for 

survey participation based 

on cooperation norms 

(Kropf and Blair, 2005) 

• Use novel forms of 

participant motivation 

(e.g., charity/political 

cause donation; Groves, 

Singer, and Corning, 2000; 

Issue severity: High 

 

Survey design solutions: 

• Use modular survey 

design (Bansal et al., 

2017) 

 

Questionnaire design 

solutions: 

• Improve attention checks 

and warnings (Paas and 

Morren, 2018) 

Issue severity: Moderate 

 

Questionnaire design solutions: 

• Use novel question formats 

and gamification  

 

• Use interactive and non-

interactive entertainment 

breaks (Kostyk, Zhou, and 

Hyman, 2019) 

Issue severity: Moderate 

 

Questionnaire design 

solutions: 

• Leverage web-based 

platforms 

Issue severity: High 

 

Solutions: 

• Improve data 

imputation techniques 

 

• Identify and delete 

careless or mischievous 

responses 

 

• Develop composite 

data quality indices 
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Research 

Purpose 

Threats and Possible Solutions 

 Respondents’ Recruitment Respondents’ Attentiveness 

and Response Accuracy 

Respondents’ Engagement 

and Interest 

Data Collection on New, 

Tech-enhanced Platforms 

Post-collection Data 

Handling 

cf. Singer and Couper, 

2008) 

Benchmarking Issue severity: High 

 

Survey design solutions: 

• Use novel incentives for 

survey participation based 

on cooperation norms, 

charity/political cause 

donations, etc. 

Issue severity: Moderate 

 

Questionnaire design 

solutions: 

• Improve attention checks 

and warnings 

Issue severity: Moderate 

 

Questionnaire design solutions: 

• Use interactive and non-

interactive entertainment 

breaks  

Issue severity: Moderate 

 

Questionnaire design 

solutions: 

• Leverage web-based 

platforms 

Issue severity: High 

 

Solutions: 

• Identify and delete 

careless or mischievous 

responses 

Giving voice 

to participants 

Issue severity: Low 

 

Solutions: 

• None needed 

Issue severity: Low 

 

Solutions: 

• None needed 

Issue severity: Low 

 

Solutions: 

• None needed 

Issue severity: Low 

 

Solutions: 

• None needed 

Issue severity: Moderate 

 

Solutions: 

• Identify and delete 

mischievous responses 

Enhancing 

knowledge 

Issue severity: Moderate 

 

Survey design solutions: 

 

• Use novel incentives for 

survey participation based 

on cooperation norms, 

charity/political cause 

donations, etc. 

Issue severity: High 

 

Survey design solutions: 

• Supplement survey data 

via multi-method research 

designs 

 

• Use modular survey 

design  

 

Questionnaire design 

solutions: 

• Improve attention checks 

and warnings 

Issue severity: Moderate 

 

Questionnaire design solutions: 

• Use novel question formats 

and gamification 

 

• Use interactive and non-

interactive entertainment 

breaks 

Issue severity: Moderate 

 

Questionnaire design 

solutions: 

• Leverage web-based 

platforms 

 

• Use high-tech features 

such as embedded media 

and augmented or virtual 

reality (e.g., use of 

video/animation versus 

text for posing questions) 

 

• Use tech-enhanced 

methods for assessing 

respondents’ attentiveness 

and engagement (e.g., eye-

tracking; Brosnan, 

Issue severity: High 

 

Solutions: 

• Identify and delete 

careless or mischievous 

responses 

 

• Identify novel data 

quality indicators for 

post-hoc data cleaning 

(Aust et al., 2013) 

 

• Develop composite 

data quality indices 
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Research 

Purpose 

Threats and Possible Solutions 

 Respondents’ Recruitment Respondents’ Attentiveness 

and Response Accuracy 

Respondents’ Engagement 

and Interest 

Data Collection on New, 

Tech-enhanced Platforms 

Post-collection Data 

Handling 

Babakhani, and Dolnicar, 

2019) 
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