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BACKGROUND

Ensuring data quality in self-reported online surveys 
remains a critical challenge in digital health research, par-
ticularly when targeting healthcare professionals [1,2]. 
Self-reported data are susceptible to multiple biases, includ-
ing careless responding, social desirability bias, and drop-
out-related attrition, all of which may compromise the valid-
ity of findings [3,4]. In web-based surveys where researcher 
oversight is limited, structured quality control measures are 
essential to detect low-quality responses, minimise sampling 
bias, and enhance data reliability [5]. Previous studies have 
demonstrated that inadequate quality checks can lead to in-
flated error rates, reduced statistical power, and misleading 
conclusions [6]. Objective

This study presents a comprehensive methodological 
framework for optimising data quality in web-based medical 
surveys, applied to a national study on AI awareness among 
Italian physicians. Integrating pre-survey validation, real-time 
dashboards, response-time filtering, and post-hoc careless 
responding detection would address key challenges in digital 
research, while providing a replicable model for future stud-
ies.

METHODS

We conducted a national web-based survey using a val-
idated instrument (doi:10.1101/2025.04.11.25325592) via 
the LimeSurvey platform. The survey incorporated two main 
sections: (1) a core module assessing knowledge, attitudes 
and practices regarding AI in medicine; (2) clinical scenari-
os evaluating diagnostic agreement with AI-generated pro-
posals. Multiple quality control strategies were implemented 

throughout the survey lifecycle. In terms of survey design and 
logic, the questionnaire employed an adaptive flow structure, 
whereby respondents were routed through clinical scenarios 
relevant to their medical speciality. To reduce the incidence 
of partial completions and missing data, key questions were 
marked as mandatory, and completion status was actively 
tracked. In the monitoring and recruitment phase, a real-time 
dashboard monitored participant distribution (gender/ge-
ographical areas/speciality); referral links were rotated to 
minimise snowball bias [7]. Time-based data quality checks 
excluded outliers (completion time <1st or >99th percentile) 
[8]. Completion time for the first section was analysed for all 
completers to assess correlations between response speed 
and quality indicators. Dropout patterns were analysed us-
ing Kaplan-Meier survival analysis and logistic regression, 
to identify systematic attrition predictors. Data quality as-
sessments were performed on the outlier-cleaned dataset 
(n=587). Response quality was assessed using complemen-
tary careless responding indicators applied specifically to 
opinion scale items (Likert 1-5). Two detection methods were 
used: low response variance analysis, identifying respond-
ents with insufficient variability (SD < 0.5), and excessive 
same-response detection, flagging participants using identi-
cal responses for >75% of items. Internal consistency analy-
sis (Cronbach’s α) evaluated scale reliability across different 
quality levels.

RESULTS

A total of 736 accesses were recorded on the survey plat-
form. As an initial inclusion criterion, only participants who 
indicated current registration with the Italian Medical Council 
were considered eligible: 79 (10.7%) were excluded, yielding 
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a sample of 657 eligible participants (89.3%). Among eligi-
ble respondents, 597 completed the first section, yielding a 
dropout rate of 9.1% (n=60). A Kaplan-Meier survival analysis 
using total survey time revealed that most dropouts occurred 
early, with critical points at 45% after demographic, 51% after 
personal AI knowledge items, 71% after opinion items, and 
100% before clinical scenarios. Logistic regression showed 
no significant predictors of completion (LR χ²(6)=3.46, p= 
0.7497; pseudo-R²=0.014; AUC=0.60, 95%CI: 0.50–0.70). 
Completion time showed no correlation with response quality 
(Spearman’s ρ = -0.019, p = 0.645). Following outlier remov-
al, data quality assessment among 587 who completed the 
first section revealed two complementary patterns of careless 
responding: 8.52% (n=50) exhibited low response variance, 
while 32 (5.45%) demonstrated excessive same response 
patterns. Cross-classification analysis showed 23 participants 
(3.92%) flagged by both indicators, with 71.88% of excessive 
same responders also showing low variance. Overall, 50 par-
ticipants (10.05%, 95% CI: 7.9%- 12.8%) exhibited careless 
responding detectable by at least one indicator. Internal con-
sistency analysis showed robust scale reliability (Cronbach’s α 
= 0.754) that remained stable across quality levels.

CONCLUSION

The integration of real-time monitoring, adaptive design, 
time-based validation, and systematic careless responding 
detection provides a robust methodological framework for 
web-based medical surveys, particularly for complex topics 
like AI adoption. Comprehensive data quality assessment 
revealed a 10.05% careless responding rate among com-
pleters, which aligns with the literature. The absence of corre-
lation between completion time and response quality shows 
that careless responding could reflect attentional rather than 
temporal factors. Our findings suggest that both phenomena 
likely reflect situational or contextual factors rather than sys-
tematic participant characteristics or survey design flaws. This 
supports the validity and generalizability of the final dataset 
while providing a replicable quality control framework for fu-
ture web-based medical research.
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