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Abstract

Aim. Online surveys have become a vital tool in health research due to their cost- 
effectiveness, speed, and global reach. However, their methodological limitations – par-
ticularly various forms of bias – may affect the validity and generalisability of findings. 
This review aims to provide an overview of the most common types of bias in online 
health surveys and to discuss strategies for their mitigation.

Methods. A narrative literature review was conducted to identify and categorise the 
primary sources of bias associated with online survey research in health-related contexts. 
The review focused on three main areas: survey design and presentation bias, cognitive 
and psychological response biases, and selection bias. Studies addressing these issues 
were examined to extract examples and recommended mitigation approaches.

Results. The review identified several key sources of bias. Poor survey design, exces-
sive length, or misleading visual formatting – was associated with reduced data quality 
and increased dropout rates. Response biases, such as social desirability, recall errors, or 
avoidance of sensitive questions, were found to skew data, particularly in self- reported 
health measures. Selection bias emerged as a major concern, as access to and familiarity 
with digital technologies significantly influences who participates in online surveys. Indi-
viduals with poorer health or limited digital literacy are often underrepresented.

Conclusions. Despite their numerous advantages, online health surveys are vulner-
able to various forms of bias that can compromise data validity. Researchers must care-
fully consider survey design, sample recruitment, and respondent characteristics. Apply-
ing strategies such as pre-testing, use of clear language, adaptive sampling techniques, 
and bias correction methods can enhance the quality of online survey data. When ethical 
standards are upheld and methodological rigour is applied, online surveys can remain a 
powerful and reliable tool in public health research.
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Introduction

In contemporary research, online surveys have become a crucial tool in social, 
medical, and epidemiological sciences. Their growing popularity is largely due 
to their low cost, speed of execution, and the ability to reach a broad audience 
worldwide (Eysenbach & Wyatt, 2002). In public health research, online sur-
veys allow for the rapid and efficient collection of data, which is particularly 
important during dynamic epidemiological events. An example of this is the 
COVID-19 pandemic, where traditional data collection methods were hindered, 
and online surveys served as a vital alternative for conducting research. Other 
data collection methods, such as in-person or telephone surveys, require more 
effort and often yield lower response rates (Geldsetzer, 2020; Hlatshwako et al., 
2021). However, it is important to note that differences in the results obtained 
depending on the mode of administration (i.e., different survey methods) may 
lead to systematic measurement errors (Singh et al., 2021). Furthermore, stud-
ies indicate that participants may be more likely to provide truthful answers 
in online surveys regarding sensitive topics, as opposed to computer-assisted 
telephone interviews or interactive voice response systems (Kreuter, 2008).
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Despite numerous advantages, online surveys are subject to significant meth-
odological limitations, including systematic biases that can affect the credibil-
ity and generalisability of research findings. One of the key issues is selection 
bias, which arises from uneven access to the internet and varying digital literacy 
across populations, potentially leading to the overrepresentation of certain social 
groups. Additionally, the lack of control over the survey environment and the 
anonymity of respondents may result in lower-quality responses (Wright, 2005).

This article reviews the literature on various types of bias in online health 
surveys and methods for minimising them. Particular attention is given to 
issues related to sample representativeness, self-selection effects, and the impact 
of survey design and external factors on data quality. A better understanding 
of these issues, along with the application of appropriate correction methods 
and careful sampling, can significantly enhance research quality and facilitate 
more accurate inferences (Hlatshwako et al., 2021). When properly applied, bias 
reduction methods and adherence to ethical standards can make online surveys 
a highly effective tool in public health and medical research.

Types of Bias in Survey Research

The Impact of Survey Design on Response Quality
The structure and length of a survey can significantly influence data quality 

and respondent engagement levels. Motivation to participate directly affects 
the reliability of results, and phenomena such as dishonest survey completion 
and survey fatigue are substantial sources of bias (Singh et al., 2021). Lengthy 
and complex forms often lead to decreased attention and what is known as 
“survey fatigue,” which results in incomplete responses or premature aban-
donment of the survey. Research suggests that the relevance of the survey is 
more important than its length in determining follow-up rates (McCambridge 
et al., 2011).

Issues related to question formulation include the use of unclear language, 
leading questions, or inconsistencies in questionnaire construction (Choi & 
Pak, 2005). Ambiguous wording can lead to divergent interpretations, and the 
use of specialised terminology without prior explanation can result in incor-
rect answers, particularly when respondents are unfamiliar with the language 
used. For example, a question about physical activity, such as “Do you regularly 
engage in moderate physical activity?”—the term “moderate activity” can be 
interpreted subjectively and vary across respondents.

In online surveys, visual elements such as question formatting and response 
presentation can exacerbate these effects, leading to biased outcomes. Stylistic 
changes in a survey may influence how respondents process and respond to 
questions. For example, respondents may be more likely to choose options listed 
at the beginning or end of a multiple-choice list. Additionally, grouping answer 
options together or highlighting specific choices graphically can make those 
responses appear more important, thus introducing bias in selection (Smyth et 
al., 2006).
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Cognitive Factors Affecting Respondents’ Answers
When constructing questionnaires, it is essential to account for errors related 

to subconscious and psychological reactions that may influence the validity of 
data. One such error is central tendency bias, where respondents avoid extreme 
values on scales and favour middle options. Another example is positive skew, 
where respondents tend to give positive responses to satisfaction-related ques-
tions. Additionally, studies have shown a tendency to select the first options 
in self-administered surveys (primacy bias) or the last ones in telephone or in-
person interviews (recency bias) (Choi & Pak, 2005).

Social desirability bias is another significant category of response bias. It 
refers to providing answers that align with social expectations and avoiding 
responses considered socially unacceptable. Respondents might downplay their 
body weight, exaggerate their physical activity levels, or claim better mental 
health than is actually the case. Respondents may also consciously provide false 
answers, particularly in health-related surveys where socially undesirable dis-
eases or behaviour (such as venereal diseases or suicide attempts) may be under-
reported, and socially undesirable exposures (such as smoking or substance use) 
may be omitted (Choi & Pak, 2005). However, a study by Kreuter et al. (2008) 
found that online surveys are less likely to be affected by this bias compared to 
telephone or in- person interviews, as participants were more likely to provide 
truthful responses in online surveys, as confirmed by university records. Recall 
bias, where respondents struggle to accurately remember past events, can also 
significantly affect data quality. The literature highlights selective memory bias, 
where difficulty recalling health-related symptoms or events from the past leads 
to errors in the data (Tourangeau, 2000). Another factor that affects the accuracy 
of reported data is the telescoping effect, where events are mistakenly recalled 
as occurring more recently than they actually did, resulting in overestimations 
of their frequency (Choi & Pak, 2005).

Selection Bias
Selection bias is a significant issue in survey research, especially in online 

surveys, as respondents may not be representative of the entire population. Par-
ticipation in a survey requires access to specific distribution channels, which can 
limit the diversity of the sample. This may result in insufficient representation 
of those less familiar with technology, older individuals, or patients with seri-
ous health conditions. Furthermore, individuals completing online health sur-
veys may be more motivated to respond if they have specific health experiences 
(Bethlehem, 2010; van Gelder, Bretveld & Roeleveld, 2010).

Differences in data collection methods (e.g., paper surveys vs. online sur-
veys) and modes of access (e.g., via smartphones vs. desktop computers) can 
also lead to statistically significant differences in responses. Respondents using 
different devices often differ demographically, which can impact research out-
comes (Toepoel & Lugtig, 2019). Studies show that paper survey participants 
are more likely to report health issues and have more negative attitudes toward 
environmental stressors than those responding to online surveys (Cantuaria & 
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Blanes-Vidal, 2019). Furthermore, internet users generally report better health 
than non-users, suggesting an additional selection factor in health-related stud-
ies (Schnell, Noack & Torregroza, 2017).

The Specificity of Bias in Online Health Surveys
Health research conducted online is prone to various types of systematic 

errors, arising both from the characteristics of the studied population and the 
medium itself. One of the key challenges is the reliance on subjective health 
assessments, which may vary depending on factors such as age, education, and 
comorbidities. Respondents often base their evaluations on personal feelings, 
which can lead to inaccurate self-reports. For instance, individuals with undiag-
nosed hypertension may perceive their health as good, despite an actual health 
risk (Jylhä, 2009).

Another challenge is the lack of representativeness in the online population. 
Internet users differ demographically from the general population, limiting the 
generalisability of results. Older adults, rural residents, and individuals with 
lower education levels are often underrepresented, leading to potential bias in 
the findings (van Gelder et al., 2010). Self-selection is particularly significant in 
health research, as the health status of various social groups may differ signifi-
cantly. Inadequate representation of certain groups can distort the actual picture 
of the phenomenon being studied. The topic of the survey should be tailored 
to the online population to minimise selection bias, for example, surveys about 
technology are more appropriate for internet users than surveys on homeless-
ness (Eysenbach & Wyatt, 2002).

The volunteer effect is another factor that contributes to selection bias. People 
who are more interested in the survey topic are more likely to participate, creat-
ing systematic differences between respondents and the general population. For 
example, research has shown that women are more likely to engage with health-
related topics, which may lead to their overrepresentation in health surveys 
(Eysenbach & Wyatt, 2002). Consequently, online surveys often yield inflated 
results concerning positive health habits, such as physical activity or a healthy 
diet, while those less concerned with their health or with limited access to medi-
cal information are underrepresented (Tourangeau & Yan, 2007).

Sensitive topics such as mental health, substance use, or abortion may fur-
ther influence the quality of data collected, as respondents may avoid provid-
ing honest answers due to concerns about privacy (Tourangeau & Yan, 2007). 
This effect can be exacerbated by unacceptable disease bias and unacceptable 
exposure bias, leading individuals with certain conditions or those exposed to 
socially undesirable risk factors to intentionally omit crucial information. The 
anonymity of online surveys is both an advantage and a potential source of 
error. On one hand, it may encourage more honest responses, but on the other, 
the lack of direct oversight can lead to incomplete or unreliable answers due 
to low respondent motivation. Additionally, concerns about data privacy may 
cause participants to avoid disclosing sensitive information, which can nega-
tively affect the credibility of the results (Tourangeau & Yan, 2007).
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Bias in online health surveys can also be intensified by the low level of public 

knowledge about mental health disorders. Many people fail to recognise spe-
cific symptoms or hold incorrect beliefs about the causes and treatment of these 
conditions, leading to an underestimation of the prevalence of such disorders in 
studies (Jorm, 2000). Furthermore, the respondent’s mood at the time of com-
pleting the survey can influence their responses. Individuals in a negative mood 
are more likely to report negative health symptoms and lower quality of life, 
which can lead to misleading conclusions about the true health status of the 
population (Jylhä, 2009).

In summary, health research conducted online is particularly vulnerable to 
various forms of bias, which can affect its reliability and the ability to generalise 
the results. Understanding these mechanisms and implementing strategies to 
minimise errors are crucial for improving the quality of online survey-based 
research.

Strategies for Minimising Bias
Bias in online surveys is a significant methodological challenge, impacting 

the credibility and representativeness of the collected data. To minimise errors 
related to sample selection bias, ensuring the representativeness of the study 
group is crucial. Groves and Peytcheva (2008) suggest strategies such as shorten-
ing and simplifying the survey form, reducing cognitive load for respondents, 
and clearly communicating the study’s purpose, which enhances participant 
engagement and reduces the nonresponse rate. Personalising invitations and 
sending reminders via email or SMS can also increase response rates. However, it 
is important to note that a high response rate does not necessarily eliminate bias, 
which is why analysing differences between respondents and non-respondents, 
as well as using statistical weights to adjust results, is recommended (Groves & 
Peytcheva, 2008).

To enhance the representativeness of the sample, random sampling from 
medical registers or databases can be helpful (CDC, 2013). Offline recruitment, 
such as partnering with local institutions or social organisations, enables the 
inclusion of underrepresented groups, such as older adults, who are often less 
represented in online surveys. Additionally, offering financial or material incen-
tives can increase participation from hard-to-reach groups and diversify the 
respondent structure (Singer & Ye, 2013).

Survey question design is a key element in reducing bias both at the level 
of the research tool and the responses provided by participants. Willis (2013) 
emphasises the importance of cognitive interviews as a tool for improving ques-
tion quality. Questions should be formulated neutrally and precisely, avoiding 
suggestions or ambiguity. Testing different question formats and tailoring them 
to the specific characteristics of respondent groups, considering cultural and 
social factors, promotes better understanding of the survey content. In health 
research, avoiding complex medical terminology and piloting the survey with 
smaller groups can help identify potential issues and improve clarity, thus 
enhancing the reliability of the data. It is also important to avoid leading ques-
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tions, which steer respondents toward a particular answer through their con-
struction or phrasing. Testing different ways of asking questions, such as open 
versus closed-ended questions, and adjusting them to the specifics of different 
respondent groups can help reduce bias (Choi et al., 2004).

Another crucial aspect is data anonymisation, which is essential for improv-
ing the credibility of responses, especially on sensitive topics such as mental 
health, substance use, or sexual behaviour. Ensuring participants’ anonym-
ity can also reduce socially desirable responding and encourage more honest 
answers (Tourangeau & Yan, 2007). In health- related surveys, this is especially 
important, as questions often address private and intimate issues, and protect-
ing respondents’ data increases the likelihood of obtaining truthful responses.

Combining different data collection methods, such as integrating subjective 
assessments with objective data from medical records, can enhance the accuracy 
of results. Integrating online survey data with electronic health records allows for 
verification of respondents’ declarations and improves the credibility of the research 
(Jensen et al., 2014). In studies on physical activity, using data from fitness apps 
or health monitoring devices (e.g., smartwatches) can provide objective measure-
ments, complementing respondents’ subjective self-reports. Such technologies 
enable precise data collection on steps taken, heart rate, or calories burned, allowing 
for more accurate analysis of the studied phenomena. Evenson et al. (2015) suggest 
that activity tracking devices are a reliable source of data in health studies.

Implementing reporting standards such as CHERRIES (Checklist for Report-
ing Results of Internet E-Surveys) can help in the design and evaluation of online 
surveys, ensuring transparency and completeness in the methodology descrip-
tion (Eysenbach, 2004). Establishing uniform guidelines for conducting online 
research allows for better control over potential sources of bias and improves the 
comparability of results across different studies.

In conclusion, effectively minimising bias in online research requires a mul-
tifaceted approach, including recruitment strategies, carefully designed ques-
tions, anonymity, and integration with other data sources. Employing these 
methods increases the reliability and credibility of the results, enabling more 
accurate analysis of the phenomenon under investigation.

Conclusions

Online surveys have become an essential tool in health-related research due 
to their cost-effectiveness, speed, and ability to reach diverse populations. How-
ever, they are susceptible to various biases that may impact data quality and 
generalizability.

One of the most significant challenges is selection bias, which results from 
unequal internet access and differing digital competencies among respondents. 
This can lead to an overrepresentation of certain demographic groups while 
excluding others, particularly older individuals or those with lower socioeco-
nomic status. Furthermore, individuals with specific health concerns may be 
more motivated to participate, potentially skewing the findings.
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Survey design plays a crucial role in mitigating bias. Factors such as question 

wording, structure, and length influence respondent engagement and answer 
accuracy. Poorly formulated questions can lead to misinterpretations, while 
lengthy or complex surveys may cause respondent fatigue, reducing data reli-
ability. Additionally, response bias—such as social desirability bias—can lead 
participants to provide answers that align with perceived social norms rather 
than their actual experiences.

Cognitive biases also affect data validity. Recall bias, central tendency bias, 
and primacy-recency effects can alter the way respondents answer questions, 
particularly in health-related studies where accurate self-reporting is critical. 
The tendency to underreport stigmatised behaviour or overestimate desirable 
attributes further complicates data integrity.

Despite these challenges, strategies exist to minimise bias and improve data 
quality. Ensuring diverse recruitment channels and using mixed-mode survey 
designs can enhance sample representativeness. Additionally, optimising 
survey wording, layout, and visual presentation can reduce response distortions 
and improve participant engagement.

In conclusion, while online surveys present methodological challenges, they 
remain a valuable tool in health research when biases are properly acknowl-
edged and mitigated. Researchers should employ best practices in survey design 
and data collection to enhance reliability, validity, and applicability of findings 
in public health and medical studies.
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