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Abstract 
Introduction: Health surveys require the highest data quality, especially when they inform public health policies. 
With recent technological developments, probability-based online panels (PBOPs) are becoming an attractive 
cost-effective alternative to traditional surveys. They are also beginning to be used for official health statistics. 
However, PBOPs still face concerns about bias, especially for health-related estimates. 
Method: Using the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) approach, 
we conducted a systematic review and meta-analysis of PBOP health survey data quality, with relative bias (RB) 
of the estimates as the effect size. We analysed 137 health-related survey items from 14 studies and used a linear 
regression model to examine factors that moderate RB.  
Results: The RB varied considerably across the subjects, and its overall median was 12.7%. The highest RBs 
were exhibited by disabilities (23.6%), mental illnesses (23.2%), personal mental health conditions (20.8%) and 
drug use (20.7%), and the lowest, by doctor’s treatment (2.24%). The measurement levels with ordinal scales 
(25.8%) showed higher RB, and certain country effects were also observed.  
Conclusion: This moderate bias of the health estimates raises concerns about the accuracy of PBOP estimates 
regarding sensitive health topics. Therefore, PBOP should be used cautiously for official health statistics; and 
when designing PBOP surveys for health subjects, the item and study characteristics should be included as 
methodological considerations. 
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1. Introduction 
Health surveys have been established as an important 
tool for formulating public health policies, but the 
utility of their findings depends on the quality of the 
data they produce (Stevens et al., 2016). To serve this 
purpose, sampling, measurement, noncoverage and 
other survey errors need to be minimized. Probability-
based online panels (PBOPs) aim to meet this need by 
using probability-based recruitment methods such as 
address-based sampling or face-to-face contact 
(Cornesse et al., 2022).  
PBOPs primarily collect data online but may also use 
a mixed-mode survey. In fact, they often include 
offline populations by offering them paper surveys or 
internet access (Bosch & Maslovskaya, 2023). For 
instance, the GESIS Panel uses both online and paper 
questionnaires (Bosnjak et al., 2018). Although 
offline respondents have shown lower retention rates, 
their inclusion mitigates selection bias over time 
(Cornesse & Schaurer, 2021). Some PBOPs recruit 
participants from offline surveys, such as CRONOS, 
which recruited participants from the European Social 
Survey (Maslovskaya & Lugtig, 2022). A typical 
mixed-mode PBOP for health research is the Health 
in Germany panel, launched by the Robert Koch 
Institute (Lemcke et al., 2024), which supports online 
and paper participation. It mitigates potential bias in 
the estimates by employing a residents’ registration 
sampling frame, incentives and multicontact 
strategies. 
Compared with much cheaper nonprobability (i.e., 
access) panels, PBOPs generally yield higher data 
quality. For example, Mercer and Lau (2023) found 
that PBOP estimates had lower absolute errors (2.6%) 
than nonprobability panel estimates (5.8%), while 
Lavrakas et al. (2022) reported the superior accuracy 
and reliability of Australian PBOPs. However, 
PBOPs still have limitations, including coverage 
errors, relatively low recruitment and participation 
rates, and response heterogeneity (Hays et al., 2015). 
PBOPs also often overrepresent younger, well-
educated males (Bosnjak et al., 2013). Health surveys 
in PBOPs also raise concerns about social desirability 
bias in self-reported measures of mental health, 
substance use and preventive health behaviours 
(Nayak & Narayan, 2019). Moreover, while self-
administered surveys reduce interviewer effects, 
measurement errors may still be an issue (Cornesse et 
al., 2021). 
To evaluate data quality, PBOP estimates are often 
benchmarked against official statistics or other 
external sources (e.g., administrative data) to assess 
their quality, using absolute bias (AB; Mercer & Lau, 
2023), relative bias (RB; Pforr & Dannwolf, 2017), 
mean squared error (MacInnis et al., 2018) and some 
other difference measures (Bosnjak et al., 2013). This 
study focuses on RB, defined as the absolute 
difference between the PBOP estimate and the 
benchmark (i.e., AB), divided by the benchmark and 
expressed as a percentage (Eckman et al., 2015). RB 

is preferred for its accessibility and its ability to 
account for effect size. Unlike AB, it contextualises 
bias magnitude; for instance, holding the absolute 
bias constant at 2%, the relative bias is 40% when the 
benchmark is 5%, but only 4% when the benchmark 
is 50%.  
Health data from PBOPs pose distinct methodological 
challenges due to their reliance on sensitive, self-
reported measures like physical or mental health 
status, behaviors or medical history. These are 
especially prone to social desirability bias in online 
self-administered formats (Latkin et al., 2017). 
Despite this, PBOPs are increasingly used for health 
surveys because they offer rapid, cost-effective data 
collection. Some studies report lower AB for health 
variables (3.9%) than for secondary demographics 
(5.8%), though with greater variability (Lavrakas et 
al., 2022). Yeager et al. (2011) found AB in health 
estimates ranged from 2.6% to 7.0%. 
The consequences of poor-quality survey data are not 
just methodological—they have real-world 
implications. Biased or inaccurate health estimates 
can distort public health planning, especially during 
crises. For instance, flawed data during emergencies 
may misguide scientific interpretation (do 
Nascimento et al., 2022), and improperly analysed 
health surveys, such as the Korean NHANES, have 
led to misleading conclusions (e.g., suggesting a 
protective effect of mercury on osteoporosis; Kim et 
al., 2013). Biased data can also obscure health 
disparities and shape policy: states with healthier 
electorates have been shown to spend up to 21.5% 
less on public health and Medicaid (Pacheco, 2020). 
These examples highlight why ensuring the quality of 
health survey estimates—including those from 
PBOPs—is a public health priority. 
In this study, we assessed the quality of PBOPs by 
systematically reviewing evaluations of data quality 
related to PBOP health estimates, with a focus on the 
bias of the estimates. While primary studies have 
examined bias or described PBOP methodology, the 
extent of RB in health estimates and how it varies has 
not been systematically reviewed. This study 
addressed that gap and identified potential moderators 
of bias in PBOP health data. We included PBOPs 
where online was the dominant data collection mode 
(i.e., that had >51% online respondents). Although 
various operationalisations of bias exist, we focused 
on RB because AB does not account for differences 
in estimate scales, limiting comparability (Eckman, 
2015). RB enables more meaningful comparisons 
across metrics and populations by scaling differences 
relative to benchmark values. We posed the following 
research questions: 
- RQ1: What is the overall magnitude of RB in health 

estimates from PBOPs? 
- RQ2: To what extent is RB moderated by study and 

item characteristics (e.g., topic, level of 
measurement, sensitivity and country of data 
collection)? 
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2. Methods 
2.1 Literature Selection 
This research followed the Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses 
(PRISMA) guidelines (Page et al., 2021) for 
identifying, screening and selecting studies using 
English-language search terms. The search was 
conducted on the Digital Library of the University of 
Ljubljana (DiKUL)1 academic search engine, which 
searches 155 databases, including Web of Science, 
Scopus and PubMed. We used English search terms 
related to PBOPs, as well as data quality, combined 
with Boolean operators (‘OR’ within groups and 
‘AND’ between groups). The PBOP terms included 
‘probability panel’, ‘probability-based panel’, 
‘probability online panel’, ‘probability-based online 
panel’, ‘probability web panel’, ‘probability-based 
web panel’, ‘probability internet panel’ and 

‘probability-based internet panel’. The data quality 
terms included ‘difference’, ‘evaluation’, 
‘comparison’, ‘data quality’, ‘bias’, ‘error’ and 
‘accuracy’. We also conducted citation analyses on 
references from eligible studies. 
Studies were excluded if they: 
1. were not related to PBOPs; 
2. did not compare PBOP estimates with external 

benchmarks; 
3. lacked empirical information for RB calculation; 

and 
4. did not provide estimates for any health-related 

variables. 
The last date search was 13 January 2025. A total of 
216 records were identified using the DiKUL 
harvester, and an additional 293 records were 
identified from other sources (mainly citation search). 
The screening process is illustrated in Figure 1. 
 

 

 
 
Fig. 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) Diagram Showing the 
Literature Selection Process 
 
2.2 Data Extraction 
We extracted details on panel names, countries, 
measured variables, measurement levels (nominal, 
ordinal or interval), sensitivity, specific subject, bias 
operationalisations and RB estimates. Sensitivity and 
the specific subject were coded based on the Survey 
Quality Predictor (2017), which is a coding and 
predictive tool designed to assess the measurement 

 
1 https://viri.ctk.uni-lj.si/ 

quality of survey questions. Sensitivity was coded 
into the following three levels based on social 
desirability: Not present for items unlikely to provoke 
socially desirable responding (e.g., household size), A 
bit for items where mild desirability effects are 
plausible (e.g., income, illness), and A lot for highly 
sensitive topics (e.g., drug use, sexual behaviour, 
racism).  

Records identified 
from: 
DiKUL (n = 216) 

Records removed before 
screening: 
Duplicate records removed   
(n = 16) 

Records screened 
(n = 200) 

Records excluded 
(n = 55) 

Reports sought for 
retrieval (n = 145) 

Reports not retrieved 
(n = 7) 

Reports assessed for 
eligibility (n = 138) 

Reports excluded: 
Reason 1 (n = 7) 
Reason 2 (n = 104) 
Reason 3 (n = 5) 
Reason 4 (n = 16) 

Records identified from: 
Citation searching (n = 290) 
Other sources (n = 3) 

Reports assessed for eligibility 
(n = 72) 

Reports excluded: 
Reason 1 (n = 29) 
Reason 2 (n = 18) 
Reason 3 (n = 2) 
Reason 4 (n = 14) 

Studies included in 
review (n = 14) 
Reports of included 
studies (n = 15) 
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Classifications were guided by the Survey Quality 
Predictor (2017) definitions and applied consistently 
across items using a standardised codebook. Each 
variable was classified into a specific subject 
(Personal physical health condition, Personal mental 
health condition, Physical illnesses, Mental illnesses, 
Disabilities, Use of medicine, Use of drugs, Medical 
institutions and hospitals, Doctor’s treatment and 
Other). For studies that reported multiple bias 
measures, we recorded all but prioritised that which 
allowed the easiest RB calculation. Only health-
related variables were included. The primary outcome 
was the reported or derived RB of PBOP health 
estimates compared to external benchmarks. We also 
examined how RB values varied across 
characteristics and methodological choices. 
2.3 Meta-Analytic Procedure 
RB was calculated as defined in the introduction. We 
relied on published PBOP estimates, assuming the 

data were already weighted in accordance with 
standard reporting and publication practices. When 
weighted data were not available, we used the 
unweighted estimates.  
Moreover, differences among alternative weighting 
approaches are typically minor and do not eliminate 
most of the bias arising from nonresponse or 
noncoverage (Callegaro et al., 2015; Tourangeau et 
al., 2013). 
The target effect size was the reported or calculated 
RB of the PBOP health estimates compared to 
external benchmarks. Traditionally, effect sizes are 
weighted against their sampling error to account for 
precision differences across studies (Dettori et al., 
2022).  
However, in over 95% of studies, the sampling error 
was negligible (Table 1), making weighting 
unnecessary. Thus, we aggregated unweighted RB 
estimates within each subject. 
 

 
Table 1. Effect Sizes and Corresponding Sampling Variances per Article 
 

Article Mdn 
(RB) M (RB) Mdn (Sampling variance) M (Sampling variance) Count 

Bradley et al. (2021) 3.26 3.14 0.0004 0.000433 6 
Dever et al. (2021) 5.73 6.64 0.0027 0.00277 3 
Herman et al. (2024) 9.09 17.0 0.0024 0.0039 11 
Kaczmirek et al. (2019) 8.18 10.3 0.00255 0.00272 4 
Kennedy et al. (2016) 20.0 20.0 0.00065 0.00065 2 

Kocar & Baffour (2023) 11.3 12.4 0.00265 0.00288 4 

Kocar & Biddle (2023) 11.4 12.2 0.0027 0.0029 4 
MacInnis et al. (2018) 3.61 5.21 0.0012 0.00159 7 
Mercer & Lau (2023) 13.0 29.1 0.0018 0.00359 9 
Pennay et al. (2018) 9.80 12.3 0.011 0.0111 4 
Spijkerman et al. (2009) 62.5 78.9 0.0081 0.0240 0 
Struminskaya et al. (2014) 12.7 12.7 0.0068 0.0068 1 
Unangst et al. (2020) 21.1 23.0 0.00375 0.00476 8 
Yeager et al. (2011) 8.97 11.4 0.00405 0.0047 4 

 

Note: Mdn = median; M = mean; RB = relative bias. 
 
Because of the low number of observations in several 
subjects, we consolidated them into broader topics for 
the threshold analysis and regression. Mental 
illnesses and Personal mental health condition were 
merged into Mental health, and Physical illnesses, 
Personal physical health condition and Disabilities, 
into Physical health. Use of drugs was kept separate, 
while Use of medicine, Doctor’s treatment and Other 
were grouped into Health practices and Other Health 
issues.  
We examined RB prevalence exceeding 5%, 10%, 
15% and 20% across these groups. 
Effect sizes were computed using a linear regression 
model in R Statistical Software (v4.3.3; R Core Team 

2021) with tidyverse (Wickham et al., 2019) and 
lmerTest (Kuznetsova et al., 2017). We subjected the 
RB to a log +1 transformation to address skewness, 
which served as the outcome variable, while Country, 
Topic, Level and Sensitivity were included as 
moderators to account for potential variations in bias. 
Nominal and ordinal variables may introduce 
subjective interpretations and social desirability 
effects, whereas interval variables are prone to 
rounding errors and nonresponse patterns (Lalla, 
2017). Cultural differences affect response 
behaviours, with collectivist cultures showing higher 
social desirability bias and individualist cultures 
favouring independent responses (Schwarz et al., 
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2008), and some cultures leaning towards extreme or 
socially desirable responses (Matsumoto & van de 
Vijver, 2012). Sensitivity also moderates bias, as 
people tend to overreport desirable and underreport 
undesirable behaviours, and while online surveys 
reduce interviewer effects, they can lead to higher 
nonresponse on sensitive questions (Bosch & 
Maslovskaya, 2023).   
Country and Topic were assigned sum contrasts. The 
sampling variances of all the studies were below 0.1, 
except for two estimates from Spijkerman et al. 
(2009), which had higher variances because they were 
based on benchmarks with prevalence rates below 
1%. As mentioned, the sampling error was negligible, 
making precision weighting unnecessary. However, a 
sensitivity analysis was conducted to address cases 
with small prevalence rates. 

Description of Included Report 
The systematic review included 15 reports of 14 
studies of PBOPs from the USA, Australia, Germany 
and the Netherlands (Table 2). All the studies assessed 
a single panel, except for three studies, which 
examined multiple panels. Some reports did not 
disclose the names of the panels. In cases where 
several reports used the same data, only the earliest 
report was included (i.e., Struminskaya et al., 2014 
instead of Struminskaya et al., 2015; and Pennay et 
al., 2018 instead of Kaczmirek et al., 2019 for the 
ANU Poll). A total of 137 items were analysed, with 
RB estimates available for 136 of them. AB was the 
most common metric used for data quality 
assessment, whereas only one study (Kocar & Biddle, 
2023) utilised RB. 
 

 
Table 2. Identified Studies Included in the Systematic Review 
 

Report Measures used Panel Country 
Bradley et al. (2021) AB Axios-Ipsos USA 

Dever et al. (2021) AB National Internet Flu Survey USA 

Herman et al. (2024) Percentages KnowledgePanel USA 
Kaczmirek et al. (2019) AB Life in Australia Australia 

ANU Poll* Australia 
Kennedy et al. (2016) AB, β coefficients American Trends Panel USA 

Kocar & Baffour (2023) AB Life in Australia Australia 
Kocar & Biddle (2023) AB, aggregated RB Life in Australia Australia 
MacInnis et al. (2018) RMSE Knowledge Networks USA 

Mercer & Lau (2023) AB Unnamed PBOP USA 
Unnamed PBOP USA 
Unnamed PBOP USA 

Pennay et al. (2018) AB ANU Poll Australia 

Spijkerman et al. (2009) χ2 Dutch online panel of Survey 
Sampling International LLC 

Netherlands 

Struminskaya et al. (2014) χ2, β coefficients GESIS Online Panel Pilot Germany 

Struminskaya et al. (2015) χ2, standardised mean 
difference effect sizes 

GESIS Online Panel Pilot* Germany 

Unangst et al. (2020) AB Unnamed PBOP USA 
Unnamed PBOP USA 

Yeager et al. (2011) AB Unnamed PBOP USA 
 

3. Results 
Table 3 presents the characteristics of the analysed 
survey items. Almost 75% of them were measured 
first at the nominal level, and then, at the ordinal and 
interval levels. As the items were health-related, more 
than half of them had high sensitivity, indicating a 

strong potential for social desirability bias. Use of 
drugs was the most frequently assessed subject 
(almost half of all cases), followed by Physical 
illnesses, Personal physical health condition and Use 
of medicine. Less common subjects (<5%) included 
Mental illnesses, Disabilities, Doctor’s treatment and 
Other. 
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Table 3. Characteristics of the Analysed Items 
 

Characteristic Item count Percent 
Measurement level 
Nominal 102 74.5 
Ordinal 29 21.2 
Interval 6 4.38 
Sensitivity 
A lot 77 56.2 
A bit 38 27.7 
Not present 22 16.1 
Subject 
Use of drugs 67 48.9 
Physical illnesses 24 17.5 
Personal physical health condition 16 11.7 
Use of medicine 14 10.2 
Personal mental health condition 6 4.38 
Doctor’s treatment 5 3.65 
Mental illnesses 2 1.46 
Disabilities 2 1.46 
Other 1 0.73 

 
The median RB across all items was 12.7 (Table 4; distribution in Figure 2). Additionally, the RB varied by subject 
(Figure 3). The highest RB was found for Disabilities (23.6%), Mental illnesses (23.2%), Personal mental health 
condition (20.8%) and Use of drugs (20.7%). Doctor’s treatment had the lowest RB (2.24%). 
 
Table 4. Relative Bias (RB) Within Subjects 
 
Subject Median (RB) MAD Minimum RB Maximum RB Item count 
Disabilities 23.6 2.06 22.2 25 2 
Mental illnesses 23.2 21.5 8.70 37.7 2 
Personal mental health condition 20.8 2.20 13.6 22.9 6 
Use of drugs 20.7 28.1 0 260 67 
Physical illnesses 13.0 14.3 1.61 50 24 

Personal physical health condition 10.3 3.88 1.99 24.6 14 

Use of medicine 7.48 8.11 0 71.1 16 
Other 3.61 0.00 3.61 3.61 1 
Doctor’s treatment 2.24 1.32 1.28 4.26 5 
All subjects 12.7 15.3 0 260 137 
 
Note. RB = relative bias; MAD = median absolute deviation. 
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Fig. 2. Distribution of RB Across Items 

 
 

 
 

Fig. 3. Distribution of RB by Subject  
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Table 5 presents the shares of the items that exceeded the RB thresholds across the topics. Mental health had the 
highest RB across all thresholds, with 100% surpassing the 5% RB, while Health practices and other health issues 
had the lowest RB share across all thresholds. 
 
Table 5. Shares of Items Exceeding RB Thresholds (in Percent) 
 
Topic >5 >10 >15 >20 
Mental health 100.0 90.0 60.0 50.0 
Physical health 76.7 53.5 37.2 34.9 
Use of drugs 72.5 57.5 46.2 42.5 
Health practices and other health issues 50.0 22.7 18.2 13.6 
Total 72.3 53.5 40.6 36.8 
 
The model intercept (α = 2.57 [1.77–3.37], p < 0.001) indicated an estimated RB of 12.1% for the reference 
categories (Table 6). Items from the Netherlands (β = 1.43 [0.63–2.23], p = 0.001) exhibited a significantly higher 
RB of 53.6%. The ordinal-level measurements (β = 0.72 [0.13–1.31], p = 0.017) also showed a higher RB of 
25.88%. Additionally, a crossed model (Appendix A) was tested to account for variability across the panels and 
reports. However, the structure was not justified, as it demonstrated a low ICC (0.07) and identified the same 
effects as the simpler model. 
 
Table 6. Linear Model Results for the Log-Transformed RB 
 
Predictor Estimate CI p 

Intercept 2.57 1.77 – 3.37 <0.001 

Country    

Australia -0.61 -1.35 – 0.13 0.106 

Germany -0.66 -2.45 – 1.13 0.464 

Netherlands 1.43 0.63 – 2.23 0.001 

Level    

Interval 0.60 -0.49 – 1.68 0.280 

Ordinal 0.72 0.13 – 1.31 0.017 

Sensitivity    

A bit 0.28 -0.40 – 0.96 0.413 

A lot -0.73 -1.67 – 0.20 0.124 

Topic    

Use of drugs 0.43 -0.29 – 1.15 0.236 

Physical health -0.00 -0.42 – 0.41 0.985 

Mental health 0.32 -0.43 – 1.07 0.402 

Observations 136 

R2 / R2 adjusted 0.285 / 0.227 
 
Note. CI = confidence interval; R2 = coefficient of determination. Bold = statistically significant. 



Ivanovska, A., et al.   Health Estimates Bias in Probability Online Panels 

18  https://jhrs.almamater.si/ 

A second model was fitted for a sensitivity analysis, excluding seven estimates with low prevalence (<1%) and, 
subsequently, those with a sampling error above 0.1. The results remained consistent, confirming an increased RB 
for items from the Netherlands and for those measured at the ordinal level (Appendix B). 
 

4. Discussion 
This analysis provided insights into the data quality 
of health‐related estimates from PBOPs. The 
descriptive results reveal that most of the items were 
measured at the nominal level, while fewer items 
were assessed at the ordinal or interval levels. The 
measurement levels moderated the RBs, with the 
ordinal items exhibiting higher RBs than the nominal 
items. This may be attributed to factors such as 
increased cognitive burden, ambiguity or response 
patterns (e.g., midpoint or extreme selection) 
associated with ordinal scales (Keusch & Yang, 
2018). 
Overall, in relation to RQ1, the analysis revealed a 
median RB of 12.7% across all the health-related 
items, indicating a moderate level of bias in the PBOP 
estimates despite methodological rigour. Notably, 
40% of the estimates had RBs higher than 15%—a 
concerning level of bias, particularly because a 
quarter of national statistical institutes are either 
adopting or preparing to use PBOPs for official 
statistics (Vehovar et al., 2023), and biased estimates 
could mislead policymakers and cause resource 
misallocation. Therefore, given the observed bias, the 
use of PBOPs in official health statistics warrants 
caution. 
Regarding moderators (RQ2), we found no strong 
evidence that sensitivity moderates RB.  
Most health items are inherently prone to social 
desirability bias, potentially limiting additional 
effects of sensitivity. While survey design elements 
such as question order can mitigate this bias, they 
were not considered in the current analysis (Schwarz 
et al., 2008). Furthermore, social desirability bias may 
be lower in Web surveys than in interviewer-
administered modes (Berzelak & Vehovar, 2018), 
complicating direct comparisons with government 
survey benchmarks. 
At the measurement level, ordinal scales exhibited 
substantially higher RB than nominal scales. This 
may be due to greater interpretive variability inherent 
in ordinal measures (Lalla et al., 2017).  
Furthermore, ordinal scales can distort statistical 
inference, as the spacing between values is not 
necessarily meaningful. Assuming ordinal properties 
when scale characteristics are unclear is problematic, 
as the measures may not even meet the minimal 
criteria for ordinal data (Kemp & Grace, 2021). 
Estimates from the Netherlands showed slightly 
higher RB, potentially due to the panel design, the 
topics addressed (i.e., drugs) or cultural response 
patterns (Matsumoto & van de Vijver, 2012). Future 
research with more moderators and cross-national 
comparisons could clarify these differences. Subject-
level analysis showed that topics related to 

Disabilities, Mental illnesses, Personal mental health 
condition and Drug use had the highest RB. These 
findings are consistent with previous concerns about 
stigma and social desirability bias in self-reported 
data, while legal and social implications may 
influence drug use estimates (Latkin et al., 2017). 
Disabilities may also be underreported due to societal 
stigma and self-stigma (Ali et al., 2012). 
The sensitivity analyses confirmed the robustness of 
this study’s findings, showing that they were not 
driven by low-prevalence estimates or sampling 
errors. However, the validity of the benchmarks is 
concerning. While government surveys are generally 
of high quality, they are still subject to nonresponse 
and measurement biases (Bialik, 2018). In fact, some 
benchmarks may be less accurate than PBOP 
estimates. Moreover, differences between 
government surveys and PBOPs in terms of question 
phrasing, survey mode and context may affect the 
comparability of their outcomes. 
This study had some limitations. We did not assess 
publication bias, which could have provided 
additional insights. For instance, some reports lacked 
transparency, having omitted panel names or key 
characteristics, which might have led to overlaps 
between the unidentified panels.  
Second, methodological differences between the 
studies, such as in their sample sizes, response rates 
and weighting techniques, could also have moderated 
RB. Thus, alternative multilevel meta-analyses that 
account for these factors should be explored. Third, 
few of the identified panels estimated health data, 
which may be more prone to social desirability bias 
due to question sensitivity (Nayak & Narayan, 2019). 
Fourth, including other domains would enable 
comparisons to determine whether RB is specific to 
health data or represents a broader characteristic of 
PBOPs, while also clarifying the role of sensitivity as 
a moderator and validating the findings across 
different domains. 
To our knowledge, this is the first systematic review 
and meta-analysis to synthesise RB in health-related 
estimates from PBOPs. Although primary studies 
have reported bias or explored PBOP methodology, 
none has comprehensively examined how item- or 
study-level characteristics moderate RB.  
This contribution is relevant across public health, 
psychology, and social sciences, where survey data 
guide policy, interventions, and service planning. By 
identifying when and where bias is most likely to 
occur, our findings can improve survey design, 
interpretation, and benchmarking practices.  
The implications extend beyond survey methodology, 
supporting more accurate interpretation and use of 
health data derived from PBOPs. 
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5. Conclusion 
The In summary, this study highlights that while 
PBOPs offer a methodologically rigorous approach to 
health data collection, notable levels of bias exist, 
especially for sensitive topics and specific item 
formats. These biases, if unaccounted for, pose risks 
to evidence-based decision-making in public health 
and related fields. By synthesising existing evidence 
and identifying bias moderators, this study 
underscores the need for cautious interpretation of 
PBOP health estimates and for additional corrective 
measures when identified moderators are present. 
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Appendix A 
 
Predictor Estimate CI p 

Intercept 2.54 1.71 – 3.37 <0.001 

Country    

Australia -0.58 -1.41 – 0.25 0.166 

Germany -0.66 -2.49 – 1.16 0.473 

Netherlands 1.48 0.54 – 2.42 0.002 

Level    

Interval 0.65 -0.44 – 1.74 0.243 

Ordinal 0.69 0.10 – 1.28 0.023 

Sensitivity    

A bit 0.25 -0.45 – 0.95 0.486 

A lot -0.49 -1.49 – 0.50 0.329 

Topic    

Use of drugs 0.18 -0.63 – 0.99 0.659 

Physical health 0.06 -0.37 – 0.48 0.792 

Mental health 0.31 -0.45 – 1.06 0.422 

Random Effects 
σ2 1.25 

τ00Panel 0.07 

τ00Article 0.03 

ICC 0.07 

NPanel 17 

NArticle 14 

Observations 136 

Marginal R2 / Conditional R2 0.249 / 0.304 
 
Note. CI = confidence interval; R2 = coefficient of determination. Bold = statistically significant. 
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Appendix B 
 
Predictor Estimate CI p 

Intercept 2.47 1.69 – 3.26 <0.001 

Country    

Australia -0.51 -1.24 – 0.21 0.165 

Germany -0.57 -2.32 – 1.18 0.522 

Netherlands 1.14 0.34 – 1.95 0.006 

Level    

Interval 0.60 -0.47 – 1.66 0.269 

Ordinal 0.72 0.14 – 1.30 0.015 

Sensitivity    

A bit 0.28 -0.38 – 0.94 0.403 

A lot -0.73 -1.65 – 0.18 0.117 

Topic    

Use of drugs 0.43 -0.27 – 1.14 0.226 

Physical health -0.00 -0.41 – 0.40 0.984 

Mental health 0.32 -0.42 – 1.05 0.392 

Observations 129 

R2 / R2 adjusted 0.216 / 0.150 
 
Note. CI = confidence interval; R2 = coefficient of determination. Bold = statistically significant. 
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