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Online surveys often suffer from low response rates, raising concerns about the representativeness and 
validity of resulting estimates. We evaluated the impact of calibration weighting on data from a cross-
sectional online survey on mental health and well-being conducted among university students at the 
University of Torino, Italy, which had a ~ 10% response rate (eligible population ~ 79,000). Calibration 
was performed on data from 5,284 students using the raking method and auxiliary variables (sex, 
course area, and course cycle) to improve representativeness. The unweighted estimate for depressive 
symptoms prevalence (46.9%, 95% CI: 45.5–48.3) closely matched the weighted result (46.6%, 95% 
CI: 45.1–48.1). Estimates for suicidal behavior risk were also consistent (34.4%, 95% CI: 33.0–35.7 vs. 
34.9%, 95% CI: 33.5–36.4), with only a slight difference observed for anxiety symptoms (72.2%, 95% 
CI: 70.9–73.4 vs. 69.6%, 95% CI: 68.2–71.0). Unweighted and calibrated estimates were also similar 
for well-being outcomes (mean overall well-being score: 31.8, 95% CI: 31.4–32.1 vs. 31.9, 95% CI: 
31.5–32.3, respectively). These findings suggest that robust estimates may still emerge from large-
scale online university surveys exploring mental health outcomes, despite low participation. Further 
research is needed to assess whether calibration methods yield consistent results across different 
populations, outcomes, and survey designs.
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 Survey-based research is widely used for assessing various aspects of life, including mental health and overall 
well-being, in the general population and specific subgroups. In particular, cross-sectional surveys among 
university students have been demonstrated to provide valuable tools for a deeper understanding of academic 
experiences, behaviors, and mental health outcomes1–3. These methods allow for population representativeness 
but are limited by the challenge of achieving a high response rate. A general decline in response rates has been 
observed in surveys over time, in parallel with the increasing use of online surveys4. Potential reasons for this 
decline might be the use of longer questionnaires and the increase in the number of surveys, making people less 
likely to respond once invited to participate5,6particularly in psychological surveys. Indeed, while online surveys 
potentially allow extending the study involvement of a larger population, they generally present lower response 
rates than those conducted through other methods, such as in-person and telephone interviews5–8. For instance, 
a meta-analysis of 1,071 online surveys found an average online survey response rate of 44.1%9, and mental 
health university students’ surveys show even lower response rates. In a US survey, the response rate ranged from 
13 to 27% across colleges and periods10while a German study found low and decreasing response rates among 
university students across time, from 14% in 2019 to 4.7% in 202111. Such low response rates, even in population-
based surveys12,13make these studies susceptible to non-response bias, introduced when non-respondents 
and respondents show different levels of the key features examined in the study14. Hence, such an issue could 
potentially compromise the generalizability and accuracy of the estimates15,16. Literature on non-response bias 
(defined as self-selection bias in case of no sampling) has shown that non-respondents tend to display different 
characteristics compared to respondents regarding several socio-demographic features, such as age, gender, 
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socioeconomic status, and educational level17,18. In particular, it has been shown that males, younger and less 
educated subjects, and people with a previous diagnosis of a mental disorder are underrepresented in surveys 
assessing mental health problems19. Hence, it is essential to carefully address the issue of non-responsiveness 
during the various research stages (i.e., study design, data collection, and data analysis) to obtain valid estimates 
and improve generalizability. During data analysis, the most widely used methods to handle non-response are 
propensity score adjustment, which models the response probability and incorporates it into the weighting 
scheme to reduce bias20and multiple imputation, which fills in missing responses by drawing from a distribution 
based on observed data21. While these methods can be effective, they often rely on model assumptions and 
may be sensitive to model misspecification22,23. A weighting approach can also be used to improve estimation 
accuracy and adjust for differential non-response. Post-stratification is the most straightforward and used 
technique for computing adjusted weights and does not require any assumptions24. However, it can lead to 
sparse or empty cells when multiple variables are used, increasing variance and bias24–26. For these reasons, some 
calibration methods have been developed to overcome this problem. They compute survey weights so that the 
weighted sample aligns with known population totals concerning variables available for both the respondents 
and the target population (defined as auxiliary variables), aiming to correct differential response patterns and 
reduce bias27. More specifically, calibrated weights have been shown to produce less biased estimates when using 
socioeconomic and demographic information as auxiliary variables28–30. In particular, the raking method does 
not rely on correct model specification, and it is considered a cost-effective calibration method for improving 
the accuracy of estimates in the context of wide national surveys31despite the residual bias could persist if the 
auxiliary variables do not fully capture the differences between respondents and non-respondents32.

Beyond wide national surveys, calibration methods are not routinely used in survey research in educational 
and psychological contexts11,33partially due to a lack of relevant auxiliary information for the target population. 
However, the problem of representativeness should be considered routinely to ensure the findings’ generalizability 
and science replicability34. In addition, to our knowledge, no previous study has been conducted to evaluate the 
impact of calibration specifically on university students’ survey data.

This study aims to assess the potential impact of calibration weighting on survey estimates and its effectiveness 
in addressing the challenges associated with low response rates in university student surveys. We analyzed data 
from a survey conducted among students at the University of Torino (Italy)35comparing prevalence estimates 
of mental health problems-including anxiety, depression, suicidality, and overall well-being, before and after 
applying calibration weighting. The goal was to assess the robustness of these estimates following the application 
of calibration methods.

Methods
Survey data
The data used in this work was derived from a multi-center cross-sectional online survey conducted from May 
to November 2023 at the University of Torino (Italy), Sevilla (Spain), and Lusòfona (Portugal) to investigate 
university students’ mental health and well-being35. Since most respondents belonged to the University of Torino 
(89.7%), the analyses in this study focus exclusively on the Italian subsample.

The target population included 79,778 students registered with the University of Torino during the 2022/2023 
academic year. All the eligible students received an institutional email with a link to an anonymous online 
questionnaire implemented on the REDCap platform of the University of Torino36,37. Representativeness was 
pursued with a study design that invited the overall target population to participate in the survey and used 
reminders, ensuring respondents’ anonymity. The survey did not offer incentives to participants to reduce the 
risk of selection bias due to economic reasons. A detailed description of the inclusion criteria and the enrolment 
procedure is provided in the published article35.

Among the eligible students, 8,773 responded to the online questionnaire, yielding an overall response rate of 
11.1%. Additionally, 78 respondents (0.9%) did not provide informed consent and were excluded. Since the low 
response rate could have impacted the representativeness15,16calibration weighting was implemented to adjust 
for potential self-selection bias.

The analysis further excluded 3,411 students who had missing data on at least one of the auxiliary variables. 
Hence, the final sample comprised 5,284 students (60.2%). Figure 1 shows the flowchart of respondents’ selection.

Questionnaire
The online questionnaire explored several domains whose complete descriptions can be found elsewhere35. The 
present study analyzed mental health and well-being data, sociodemographic characteristics, academic features, 
and social support.

Mental health and well-being
Mental health was assessed using validated tools focused on depression, anxiety, and suicide risk. Depression was 
measured with the Patient Health Questionnaire-2 (PHQ-2)38while anxiety was assessed with the Generalized 
Anxiety Disorder-2 (GAD-2)39. Both are brief self-report scales where participants rate the frequency of 
symptoms on a scale from 0 (not at all) to 3 (nearly every day). Scores of 3 or higher suggest the presence of 
relevant symptoms. Suicidal ideation and behaviors were evaluated using the Suicide Behaviors Questionnaire-
Revised (SBQ-R)40a validated self-report tool that includes four items covering ideation, past attempts, and 
future risk. Total scores range from 3 to 18, with a score of 7 or higher indicating high risk. Before completing 
the SBQ-R, participants were informed about the sensitive nature of the questions, and the section was made 
optional.

Well-being was measured using the Mental Health Continuum-Short Form (MHC-SF)41a validated 14-item 
self-report scale. Participants rated how often they experienced the specific state for each item on a scale from 
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0 (none of the time) to 5 (all of the time), with higher total scores indicating better well-being. Items 1–3 (score 
range: 0–15) evaluate emotional well-being, characterized by positive affect and life satisfaction; items 4–8 
(score range: 0–25) assess social well-being; items 9–14 (score range: 0–30) evaluate psychological well-being; 
an overall well-being score (from 0 to 70) was computed by summing all the three sub-scales.

Fig. 1.  Flowchart of respondents’ selection.
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Sociodemographic characteristics, academic features, and social support
The sociodemographic characteristics included age and socioeconomic status (SES). SES was evaluated using 
the MacArthur Scale of Subjective Social Status42a 10-run visual ladder where participants placed themselves 
based on their perceived social standing (1 = lowest, 10 = highest). Academic features included study location, 
evaluated with a multiple-choice question (“Studying in hometown”, “Commuting for studying”, or “Moving for 
studying”), and academic progress, assessed with the options: “Perfectly on track”, “Slightly late”, or “Delayed”.

Social support was measured using the Multidimensional Scale of Perceived Social Support (MSPSS)43a 
validated psychometric tool. This 12-item scale assesses perceived social support across three subscales (Family, 
Friends, and Significant Other Support), each consisting of 4 items. Participants rated their agreement on a 
7-point Likert scale, ranging from 1 (strongly disagree) to 7 (strongly agree). Subscale scores were the average of 
the four related items, while the overall support score was obtained by summing all item scores and dividing by 
12. All scores range from 1 to 7, with higher scores indicating greater perceived support.

Auxiliary measures
The University’s administrative department supplied aggregated data regarding the available population 
information, used as auxiliary variables in the calibration weighting:

	– Sex: “male, “female”;
	– Course areas: “Agricultural and forestry sciences”, “Humanistic and philosophical sciences”, “Law sciences”, 

“Medical sciences”, “Natural sciences”, “Social and economic sciences”, “Veterinary sciences”;
	– Course cycles, namely, the specific course of study attended by the students. This information was used to 

construct a three-category course cycle variable: “Undergraduate” (three-year Bachelor’s degree programs), 
“Postgraduate” (two-year Master’s degree programs), and “5/6 year postgraduate” (single-cycle degree pro-
grams).

Statistical analysis
Descriptive statistics were computed to summarize the characteristics of the survey respondents and the target 
population. One-sample proportion tests were conducted to evaluate differences by sex, course area, and course 
cycle.

Mental health and well-being, sociodemographic characteristics, academic features, and social support 
were described using proportions for categorical variables and means for numerical variables, with their 
corresponding 95% confidence intervals.

The calibration weighting in this study was based on the three previously described auxiliary variables (sex, 
course area, and course cycle), adjusting initial sampling weights to ensure that the weighted sample aligns with 
known population marginal totals of the auxiliary variables. Given that these variables were categorical with a 
limited number of categories, the raking method, also known as iterative proportional fitting (IPF), was used 
for calibration25,26,44. It iteratively adjusts initial survey weights to match the weighted marginal distributions 
of auxiliary variables to their known population totals, accounting for differential response rates across 
subgroups25,26,44.

Each unit in the dataset was initially assigned a base weight. Since this cross-sectional survey invited all 
eligible students, it was assumed every student had the same probability of inclusion, and all observations were 
assigned equal weights. The raking algorithm was then applied iteratively, adjusting weights to match population 
totals for the first auxiliary variable (e.g., sex), the second (e.g., course area), and the third (e.g., course cycle), 
independent of the order in which they were introduced in the procedure. The algorithm continued cycling 
through all auxiliary variables until convergence was achieved, meaning that the weights stabilized and remained 
close enough to the population totals without requiring further significant adjustments.

Crude and weighted proportions and means were calculated for all variables of interest, along with their 95% 
confidence intervals. Comparisons between unweighted and weighted estimates were performed using z-tests 
for both proportions and means, as appropriate. Additional calibration was performed within study areas using 
area-specific distributions of sex and course cycle.

Associations between the three auxiliary variables and the mental health and well-being outcomes were 
assessed using either the chi-square test or one-way ANOVA, as appropriate.

To ensure compatibility of categories between respondent and population data, 3,411 students (39.2%) with 
missing data on at least one of the three auxiliary variables were excluded. Differences between excluded and 
included students were assessed using t-tests and chi-square tests. A sensitivity analysis included calibration on 
the full sample (N = 8,695) by adding a “missing” category44.

Since the missing value rate of mental health and well-being variables was around 8–13% (N = 451 for PHQ-
2, N = 443 for GAD-2, N = 640 for SBQ-R, and N = 711 for overall MHC-SF score), a further sensitivity analysis 
included a multiple imputation of these variables using the multivariate imputation by chained equations (MICE) 
approach21. The raking algorithm was then applied to each imputed dataset (n = 20), and the unweighted and 
weighted estimates obtained in each dataset were combined into overall estimates (means and proportions with 
confidence intervals) using Rubin’s rule45.

All statistical analyses were conducted using R version 4.3.0. In particular, calibration was performed with 
the “rake” function from the “survey” package and multiple imputations with the “mice” function from the 
“mice” package.

Ethical considerations
Informed consent was obtained from all the included subjects. The data were collected anonymously, and no 
personally identifiable information was recorded. The original cross-sectional survey on which this study is 
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based received approval from the institutional ethics board of the University of Torino (Prot. no. 0059546, 
January 30, 2023).

The study adhered to international guidelines and regulations and was conducted following the Declaration 
of Helsinki.

Results
Characteristics of the survey respondents and target population
Figure 2 presents the distribution of general characteristics among the 5,284 survey participants and the 
target population of 79,778 students by sex, course area, and course cycle. The study sample showed an 
overrepresentation of females (75.7% vs. 62.0%), post-graduate students (27.2% vs. 21.6%), and medical, natural, 
and veterinary students (19.6% vs. 12.2%, 18.6% vs. 16.8%, and 2.3% vs. 1.6%, respectively), compared to the 
target population. Furthermore, an underrepresentation of students attending humanistic and philosophical 
sciences (26.6% vs. 28.7%), law sciences (5.7% vs. 9.4%), and social and economic sciences (24.9% vs. 28.6%) was 
observed. All differences are statistically significant (p < 0.001), except for agricultural-forestry science (p = 0.07). 
Complete data are reported in Supplementary Table S1.

Sociodemographic characteristics, academic features, and social support
Table  1 shows the unweighted and calibrated estimates describing the respondents’ sociodemographic 
characteristics, academic features, and social support. The mean age was 23.6 years, and the mean perceived 
socioeconomic status was 6.2 (out of a maximum of 10). A slightly higher proportion of students (35.3%) moved 
to study, while the majority (45.7%) were on track, and only 20% reported a delay. Students reported adequate 
social support across all dimensions, with mean MSPSS scores ranging from 5 to 6. As shown in Table 1, almost 
all estimates remained essentially unchanged after applying calibrated weights; the only significant difference, 
amounting to 2%, concerned students who moved to study.

Fig. 2.  Comparison of sex, course area, and course cycle distributions between respondents and population. 
All differences are statistically significant (p < 0.001), except for agricultural-forestry science (p = 0.07).
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Mental health and well-being
As shown in Fig.  3, nearly half of the students (46.9%) reported depressive symptoms, 72.2% experienced 
anxiety symptoms, and 34.4% were at high risk of suicidal behavior. Raking calibration had minimal impact on 
the estimates for PHQ-2 and SBQ-R, while a slight decrease was observed for GAD-2, with the proportion of 
students reporting high anxiety symptoms declining from 72.2 to 69.6% (Fig. 3 and Supplementary Table S2). 
Respondents exhibited low overall well-being, with a mean MHC-SF score of 31.8 (95% CI 31.4–32.1) consistent 

Fig. 3.  Unweighted and weighted estimates of anxiety symptoms (GAD-2), depressive symptoms (PHQ-2), 
and suicidal behaviour (SBQ-R).

 

Unweighted Calibrated (raking)

N Mean or % 95% CI Mean or % 95% CI p

Age (mean) 5,243 23.6 23.5–23.8 23.6 23.4–23.7 0.71

Socioeconomic status (mean) 5,154 6.2 6.1–6.3 6.1 6.1–6.2 0.29

Studying location (%) 5,275

Studying in hometown 1,629 30.9% 29.6–32.1 31.8% 30.5–33.1 0.33

Commuting for studying 1,785 33.8% 32.6–35.1 34.7% 33.3–36.0 0.39

Moved for studying 1,861 35.3% 34.0–36.6 33.5% 32.2–34.9 0.7

Academic progress (%) 5,225 -

Perfectly on track 2,390 45.7% 44.4–47.1 45.7% 44.3–47.2 0.99

Slightly late 1,791 34.3% 33.0–35.6 34.2% 32.8–35.6 0.92

Delayed 1,044 20.0% 18.9–21.1 20.1% 19.0–21.3 0.88

MSPSS (mean)

Family support 4,926 5.2 5.1–5.3 5.2 5.1–5.2 0.39

Friends support 4,927 5.4 5.3–5.4 5.3 5.3–5.4 0.19

Significant other support 4,924 5.7 5.6–5.7 5.6 5.5–5.6 < 0.01

Overall social support 4,883 5.4 5.4–5.5 5.4 5.3–5.4 0.02

Table 1.  Unweighted and weighted estimates of sociodemographic characteristics, academic features, and 
social support. Abbreviations: MSPSS, Multidimensional Scale of Perceived Social Support.
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across the emotional (8.4, 95% CI 8.3–8.5), social (7.0, 95% CI 6.9–7.2), and psychological domains (16.4, 95% 
CI 16.2–16.6) (Supplementary Table S2). These estimates remained stable after applying calibrated weights 
(Supplementary Table S2). Additionally, the results remained essentially unchanged after multiple imputations 
were performed to address missing data on mental health and well-being variables (Supplementary Table S3).

Mental health and well-being outcomes were also explored within study areas, using area-specific distributions 
of sex and course cycle to obtain calibrated estimates. Both unweighted and weighted estimates for GAD-2, 
PHQ-2, SBQ-R, and MHC-SF were consistent across study areas, with largely overlapping confidence intervals 
(Fig. 4 and Supplementary Table S4).

 Finally, we found significant associations between the three auxiliary variables and the mental health and 
well-being outcomes (Supplementary Tables S5 and S6). In particular, sex was significantly associated with 
the prevalence of depressive (p = 0.044) and anxiety symptoms (p < 0.001) (Table S5), as well as with overall 
well-being (p < 0.001) (Table S6). Course area was strongly associated with all outcomes, while course cycle was 
associated with suicidality (p = 0.033) (Table S5) and the social domain of well-being (p = 0.01) (Table S6).

Characteristics of excluded students
Supplementary Tables S7 and S8 report the characteristics of the 3,411 respondents excluded from the final 
dataset due to missing data in at least one of the three auxiliary variables used for calibration weighting (sex, 
course area, and course cycle). Compared to the final sample, the excluded respondents were slightly older 
(mean age of 24.3 years vs. 23.6 years), more likely to be studying in their hometown (33.7% vs. 30.9%), and 
more frequently delayed in their studies (25.2% vs. 20.0%) (Supplementary Table S7). Considering mental health 
outcomes, the most notable difference was observed in the PHQ-2 score, with a higher prevalence of depressive 
symptoms among excluded students (49.9% vs. 46.9%) (Supplementary Table S8). Differences in MSPSS and 
MHC-SF were non-significant (Supplementary Tables S7 and S8). As a sensitivity analysis, calibration on the full 
sample (N = 8,695), adding a “missing category” was also performed without observing significant modifications 
of the unweighted and calibrated estimates (Supplementary Tables S9 and S10).

Discussion
This study aimed to assess the impact of calibration weighting on estimates of mental health and well-being 
derived from an online survey conducted among university students in Torino (Italy)35. Given the survey’s low 
response rate, calibration was performed using the raking method to mitigate potential self-selection bias and 
enhance the representativeness for key auxiliary variables (sex, course area, and course cycle). Several outcomes 
were analyzed before and after applying calibrated weights concerning sociodemographic characteristics, 
academic features, social support, mental health, and well-being.

Respondents’ representativeness
In the present study, survey respondents showed some distribution discrepancies for the measurable auxiliary 
variables (i.e., sex, course area, and course cycle) compared with the target population of university students. 
While differences in sample representativeness are well documented in psychological research46,47to our 

Fig. 4.  Unweighted and weighted estimates of anxiety symptoms (GAD-2), depressive symptoms (PHQ-2), 
and suicidal behaviour (SBQ-R) stratified by study area.
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knowledge, this is the first study comparing the distribution of the characteristics between survey respondents 
and the population in a university student setting on mental health themes. In particular, we observed a 
notable overrepresentation of females and postgraduate students (who are likely to be older, suggesting an 
underrepresentation of younger subjects), consistent with patterns reported in previous surveys17,19,28,29. 
Additionally, medical, natural, and veterinary science students were overrepresented, while those in humanistic, 
legal, and socio-economic fields were underrepresented. Further survey research could compare the produced 
evidence to provide a more comprehensive picture.

Impact of calibration
Overall, we found a general consistency between unweighted and calibrated estimates, with no significant 
differences in age, socioeconomic status, academic progress, and social support. The only slight difference was 
observed in the studying location: the calibrated estimate showed fewer students who reported moving for their 
studies than unweighted ones (33.5% vs. 35.3%). These findings suggest that course area and cycle variations did 
not substantially impact estimates of the key sociodemographic and academic characteristics.

Given the growing concerns regarding students’ psychological conditions, mental health and well-being 
outcomes were a key focus of this study48. As previously reported35a high proportion of students reported 
symptoms of depression (46.9%) and anxiety (72.2%), and more than a third (34.4%) were at high risk for 
suicidal behavior. After applying calibrated weights, only a slight decrease in reported anxiety symptoms was 
observed (69.6% vs. 72.2%), likely due to correcting the sample’s overrepresentation of females—who typically 
report higher anxiety levels49. The well-being indicator remained essentially unchanged after raking, suggesting 
minimal bias from self-selection. These results remained consistent even after multiple imputations were 
performed on the missing outcome values, reinforcing the findings’ robustness. Our findings might have been 
biased by the exclusion of a high proportion of students (38.9%) due to missingness in at least one of the auxiliary 
variables used for calibration. The excluded group exhibited some differences compared to the final sample, 
showing higher mean age (24.3 vs. 23.6 years), being more frequently delayed in their study (25.2% vs. 20%), 
and displaying a higher prevalence of depressive symptoms (49.9% vs. 46.9%). However, both unweighted and 
calibrated estimates were essentially unchanged after calibration on the full sample of 8,695 students, suggesting 
that excluding a significant proportion of respondents had a negligible impact on the results.

Additionally, our analysis identified significant associations between the auxiliary variables used for 
calibration and the outcomes related to mental health and well-being, especially for sex and course area. This 
supports the decision to include these variables in the weighting process. Nevertheless, the estimates remained 
relatively stable even after applying the calibrated weights. This suggests that, while these variables seem to be 
relevant to the phenomenon being studied, they could only explain a limited amount of the observed variation 
in mental health outcomes. Their potentially modest explanatory power is reasonable, considering the complex 
nature of mental health.

Globally, the stability of estimates after applying calibration suggests that mental health and well-being 
outcomes were robust to differences in respondents’ composition in terms of sex, area of study, and course 
cycle, underscoring the severity of psychological distress among Italian university students and its public health 
relevance3,35. To our knowledge, this is the first study to compare unweighted and calibrated estimates from a 
population-based online survey on mental health among university students. Therefore, the results should be 
interpreted with caution, as they pave the way for further research on the topic, which could verify the findings 
of the present work.

Implications for research
The findings of this study have significant implications for mental health survey research involving university 
students. First, they promote a scientific debate on the importance of calibration techniques in addressing 
potential non-response and self-selection biases, particularly when response rates fall below 70%50. However, 
the relatively small changes observed in most estimates suggest that well-designed, population-based online self-
administered surveys in a university setting may be less affected by non-response bias. In such cases, calibration 
techniques may not be necessary to interpret the results correctly, potentially because of the sufficient sample 
capability of capturing the population variability. This is particularly relevant for researchers in population-based 
surveys, as calibration techniques are not always feasible, requiring access to high-quality, comparable auxiliary 
information for respondents and the target population. Beyond these specific contexts, the results of the present 
work encourage the wider adoption of calibration techniques as a good scientific practice to make high-quality 
statistical inferences from mental health and university students’ population-based online survey data51.

Strengths and limitations
The relevant strengths of this study are its large sample size and the rigorous methodology used for calibration, 
which is based on high-quality auxiliary data available for the target population. Moreover, the original 
survey design also enhanced generalizability by inviting the entire target population and using reminders to 
participate35thus avoiding sampling errors.

Some limitations must also be acknowledged. First, while calibration helps address non-response bias, 
it does not account for potential misreporting or social desirability effects, which is the tendency of survey 
respondents to answer questions in a manner they believe will be viewed favorably by others52. However, online 
self-administered surveys are generally less sensitive to this bias, and applying weights can mitigate its impact53. 
Second, about 40% of respondents were excluded from the primary analysis due to missing data on at least one 
of the auxiliary variables. Even if sensitivity analyses using the full sample yielded similar results, supporting the 
robustness of the findings, future surveys with a low rate of missing data are warranted to further confirm the 
produced evidence54.
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Third, calibration was implemented using merely three auxiliary variables (i.e., sex, course area, and course 
cycle) due to data availability constraints. Some bias may remain if these variables were not strongly associated 
with non-response or key outcomes27,32. Including additional variables like age and socioeconomic status in 
future calibration models could improve the accuracy of weighted estimates18.

Fourth, while mental health estimates were consistent between raw and calibrated data at the population 
level, generalizing this consistency to specific subgroups should be done cautiously. Although similar patterns 
were observed across study areas, assuming that subsamples could capture their variability is challenging. 
Further research with broader population data is needed to assess the reliability of subgroup estimates.

Conclusion
Calibration weighting improved the representativeness of the present survey with respect to sex, course area, 
and course cycle without significantly altering most estimates. The calibration procedure showed a negligible 
impact on most sociodemographic, academic, and psycho-social characteristics, suggesting that the unweighted 
estimates broadly captured the students’ population variability. This consistency reinforces the robustness of 
our original findings35suggesting that the over- or underrepresentation of specific subgroups in the respondents 
did not necessarily hinder the validity of results from large and well-designed population-based online surveys 
exploring mental health outcomes in a university setting. The present work provides a valuable starting point 
for exploring the application of raking methods in survey research. In particular, although our findings are 
based on data from a single university in Italy, they offer useful insights into how these techniques can enhance 
the robustness and validity of estimates in student populations. Future research is needed to assess whether 
similar approaches yield consistent results in diverse settings, including a range of populations, outcomes, and 
survey designs. Such efforts could contribute to the broader scientific discussion on data quality, replicability, 
and external validity in mental health survey research34.

Data availability
Data is available from the corresponding author upon reasonable request. However, according to the Italian law, 
data may not be analysed for purposes other than those for which the Institutional Review Board has given its 
approval.
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