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Abstract: In large-scale observational datasets, associations between clinical outcomes and biomarkers are highly sensitive to 

confounding control and statistical modeling strategies. This study aimed to evaluate how confounding-control and variable-selection 

strategies influence the observed association between retinopathy and liver fibrosis in a large observational dataset, thereby providing 

a methodological demonstration of how statistical modeling decisions may influence epidemiological inference. Data were obtained 

from the National Health and Nutrition Examination Survey (NHANES) 2005-2008 cycles. Liver fibrosis was defined using the FIB-4 

index and classified as no/mild fibrosis (FIB-4 < 1.45) or significant fibrosis/cirrhosis (FIB-4 ≥ 1.45). Retinopathy status and severity 

were determined using standardized retinal imaging data. To improve baseline comparability between fibrosis groups, propensity 

score matching (PSM) was implemented based on age and sex, and covariate balance was assessed using standardized mean 

differences. Variable selection was performed using the Least Absolute Shrinkage and Selection Operator (LASSO) with 10-fold cross-

validation, and the optimal penalty parameter (λ) was selected based on the minimum cross-validated error (λmin), followed by 

multivariable logistic regression modeling. Variables used in the calculation of the FIB-4 index were excluded from regression analyses 

to avoid circular inference. A total of 5,364 participants were included. Before matching, substantial imbalance was observed between 

fibrosis groups, particularly for age and sex. After 1:1 propensity score matching, adequate covariate balance was achieved. LASSO-

based variable selection identified hepatitis C virus infection, body mass index, height, race, and retinopathy as candidate predictors of 

liver fibrosis. In the final multivariable logistic regression model, hepatitis C virus infection showed the strongest association with 

significant liver fibrosis (OR = 2.70, 95% CI: 1.66-4.39), while body mass index and height demonstrated modest but statistically 

significant associations. Retinopathy was not independently associated with liver fibrosis after multivariable adjustment. The results 

demonstrate that the apparent association between retinopathy and liver fibrosis in observational data is highly dependent on 

statistical modeling choices and confounding-control strategies. Rather than supporting a direct clinical relationship, the findings 

emphasize how analytical design and variable selection methods can substantially shape conclusions derived from large-scale health 

datasets. From a methodological perspective, this study illustrates how confounding-control and variable-selection strategies can alter 

epidemiological inference in observational research. This study highlights the importance of transparent and rigorously justified 

statistical modeling frameworks in applied data-driven research. 
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1. Introduction 
In observational epidemiological studies, the evaluation 

of relationships between clinical outcomes and biological 

markers critically depends on appropriate control of 

confounding factors and the selection of suitable 

statistical modeling strategies. Particularly in studies 

conducted within the context of metabolic disorders, the 

coexistence of multiple risk factors and the complex 

interrelationships among these factors render 

conventional regression approaches increasingly limited. 

These challenges become more pronounced in the 

investigation of chronic and multifactorial outcomes such 

as liver fibrosis, where methodological rigor is essential 

to ensure the validity and interpretability of findings.  

Methodological complexities become particularly evident 

when composite clinical indices are used to characterize 

disease severity. The Fibrosis-4 (FIB-4) index is a widely 

used non-invasive tool for assessing liver fibrosis and is 

calculated using age, aspartate aminotransferase (AST), 

alanine aminotransferase (ALT), and platelet count. Due 

to its simplicity and accessibility, FIB-4 has been 

extensively applied in large-scale epidemiological 

datasets (Chhabra et al., 2022; Shaji et al., 2022; Woodard 

and Abrams, 2024). Nevertheless, despite these 

advantages, the use of composite indices in analytical 

modeling may introduce important statistical challenges, 
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particularly when component variables are reintroduced 

into regression analyses. This practice may result in 

circular inference and biased effect estimates, thereby 

complicating model interpretation and potentially 

obscuring the true relationship between clinical variables 

and disease outcomes. 

Within this context, several studies have examined the 

relationship between metabolic dysfunction–associated 

liver disease (MASLD) and diabetic microvascular 

complications, particularly retinopathy. Most of these 

investigations have relied on conventional multivariable 

regression frameworks (Asero et al., 2023; Jacob et al., 

2023; Erman et al., 2024; Li et al., 2024; Mantovani et al., 

2024). For example, Jacob et al. (2023) evaluated this 

association in a relatively small clinical cohort, while 

Mantovani et al. (2024) analyzed MASLD and fibrosis 

categories among adults with diabetes using predefined 

logistic regression models. Similarly, Li et al. (2024) used 

NHANES data to assess whether diabetic retinopathy 

could predict significant hepatic fibrosis using 

correlation, logistic regression, and ROC analyses. 

However, when exposure and outcome variables share 

multiple common covariates, conventional regression 

adjustment may not fully eliminate residual confounding. 

Consistent with this concern, prior studies have reported 

heterogeneous findings, with some identifying significant 

associations while others observed attenuation after 

multivariable adjustment (Jacob et al., 2023; Li et al., 

2024; Mantovani et al., 2024). These inconsistencies 

suggest that an important methodological question 

remains unresolved: whether the retinopathy–fibrosis 

association remains robust when alternative 

confounding-control and variable-selection strategies are 

applied within the same observational dataset. 

To address confounding more effectively than 

conventional multivariable adjustment, propensity score-

based methods have emerged as an alternative strategy 

in observational research. Propensity score matching 

(PSM) aims to improve covariate balance between 

comparison groups by matching individuals with similar 

probabilities of exposure, thereby enhancing 

comparability (Jeong and Kim, 2024; Burgos-Ochoa and 

Clouth, 2025). By reducing systematic differences 

between groups before modeling, PSM allows for more 

reliable evaluation of associations and approximates the 

balance typically achieved in randomized study designs. 

Variable selection constitutes another key component of 

statistical modeling in observational studies. In settings 

with a large number of potential covariates, traditional 

stepwise regression approaches are prone to model 

instability and overfitting. The Least Absolute Shrinkage 

and Selection Operator (LASSO) regression method 

addresses these limitations by applying L1 

regularization, shrinking regression coefficients and 

eliminating weak predictors to yield more parsimonious 

and generalizable models (Schonlau, 2023; Bangchang, 

2024). Previous studies have demonstrated that LASSO-

based approaches may offer superior discriminative 

performance compared with traditional fibrosis indices 

in predicting liver fibrosis (Feng et al., 2021; Guo et al., 

2023; Zhang et al., 2023). In addition to improving 

predictive performance, LASSO enables objective 

variable selection in complex epidemiological datasets 

and reduces the risk of overfitting when multiple 

potential confounders are considered simultaneously. 

NHANES is a large, population-based epidemiological 

dataset that provides comprehensive demographic, 

clinical, and laboratory information collected using 

standardized protocols across survey cycles (Ellis and 

Souza, 2021; Bo and Yang, 2025). Its large sample size 

and rich variable structure allow for the application of 

advanced confounding-control and variable-selection 

strategies in observational research (Cheang et al., 2022; 

Issanov et al., 2022; Storz, 2023). 

Against this background, few studies have systematically 

examined how different confounding-control and 

variable-selection strategies influence the observed 

association between retinopathy and liver fibrosis within 

the same epidemiological dataset. To our knowledge, no 

previous study has simultaneously applied PSM and 

LASSO-based variable selection within NHANES data to 

examine the robustness of the retinopathy–liver fibrosis 

association under alternative confounding-control 

frameworks. In the present study, NHANES 2005-2008 

data were used to examine how the association between 

retinopathy and liver fibrosis, assessed using the FIB-4 

index, changes after applying PSM to improve covariate 

balance and LASSO-based regularization to guide 

variable selection. By integrating these two 

complementary analytical strategies within a single 

epidemiological framework, this study aims to provide a 

methodological demonstration of how confounding-

control and variable-selection approaches can influence 

epidemiological interpretations derived from large 

observational health datasets. 

 

2. Materials and Methods 

2.1. Data Source 

This study was conducted using data from the National 

Health and Nutrition Examination Survey (NHANES), a 

publicly available database maintained by the National 

Center for Health Statistics (NCHS) of the Centers for 

Disease Control and Prevention (CDC). Data from the 

2005-2008 survey cycles were included in the analysis. 

NHANES is a large-scale, cross-sectional survey designed 

to provide nationally representative information on the 

health and nutritional status of the civilian, non-

institutionalized population of the United States. All 

participants provided written informed consent at the 

time of data collection. 

The present study represents a secondary analysis of 

fully anonymized public data; therefore, additional 

ethical approval was not required. 

2.2. Study Population 

Participants were included if they had available retinal 

imaging data as well as complete demographic, 
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anthropometric, and laboratory information required for 

the assessment of liver fibrosis. Individuals with missing 

data in key variables were excluded using a complete-

case approach. After applying the inclusion and exclusion 

criteria, a total of 5364 participants were eligible and 

included in the final study population. 

2.3. Assessment of Retinopathy 

Retinopathy status was determined based on retinal 

imaging data collected according to the standardized 

NHANES protocol. Retinopathy severity was classified 

into four categories: no retinopathy, mild non-

proliferative diabetic retinopathy (NPDR), 

moderate/severe NPDR, and proliferative retinopathy. 

For regression analyses, retinopathy was additionally 

evaluated as a binary variable (presence vs. absence). 

2.4. Definition of Liver Fibrosis 

Liver fibrosis was assessed using the Fibrosis-4 (FIB-4) 

index, a widely used non-invasive marker calculated 

based on age, aspartate aminotransferase (AST), alanine 

aminotransferase (ALT), and platelet count. Participants 

were classified as having no or mild fibrosis (FIB-4 < 

1.45) or significant liver fibrosis/cirrhosis (FIB-4 ≥ 1.45). 

Variables included in the calculation of the FIB-4 index 

(AST, ALT, and platelet count) were presented for 

descriptive purposes only and were excluded from 

regression analyses to avoid circularity. 

2.5. Propensity Score Matching 

As this was an observational study, baseline differences 

between fibrosis groups were expected. To reduce 

potential confounding and improve comparability 

between groups, PSM (Rosenbaum and Rubin, 1983; 

Austin, 2011) was applied. The propensity score was 

defined as the conditional probability of having 

significant liver fibrosis given observed covariates. 

Propensity scores were estimated using a logistic 

regression model including age and sex, which were 

selected a priori as clinically relevant confounders and 

showed substantial imbalance between groups prior to 

matching.  

Matching was performed using the nearest-neighbor 

method with a 1:1 matching ratio and without 

replacement. A caliper width of 0.15 standard deviations 

of the logit of the propensity score was applied to 

prevent poor-quality matches. Individuals who could not 

be adequately matched within the specified caliper were 

excluded from the matched cohort. Covariate balance 

before and after matching was evaluated using 

standardized mean differences (SMDs), with values 

below 0.10 considered indicative of adequate balance. 

Accordingly, PSM was employed as a methodological tool 

to enhance group comparability and support subsequent 

model-based analyses, rather than to establish causal 

relationships. 

2.6. Statistical Analysis 

Continuous variables were summarized as median 

(minimum-maximum) due to non-normal distributions, 

while categorical variables were presented as 

frequencies and percentages. The normality of 

continuous variables was assessed using the 

Kolmogorov-Smirnov test. Comparisons between groups 

were performed using the Mann-Whitney U test for 

continuous variables. 

To identify independent factors associated with 

significant liver fibrosis, variable selection was 

performed using the Least Absolute Shrinkage and 

Selection Operator (LASSO) method. The optimal penalty 

parameter was determined using 10-fold cross-

validation. Variables selected by the LASSO procedure 

were subsequently entered into a multivariable logistic 

regression model. Multicollinearity among predictors 

was assessed using variance inflation factors (VIFs). In 

regression analyses conducted after PSM, robust 

standard error estimates clustered at the matching 

subclass level were used to account for the dependence 

structure induced by the matching procedure. 

To explore potential non-linear associations between 

body mass index (BMI) and liver fibrosis, restricted cubic 

spline regression was performed within the 

multivariable logistic regression framework.  

PSM was implemented using the MatchIt package, and 

covariate balance was assessed using the cobalt package; 

graphical visualizations were generated using ggplot2 

and gridExtra. LASSO regression was performed using 

the glmnet package, while additional data handling and 

diagnostics were conducted using dplyr, car, and haven 

packages. 

All statistical analyses were performed using R software 

(version 4.5.1; R Foundation for Statistical Computing, 

Vienna, Austria). A two-sided p-value < 0.05 was 

considered statistically significant. 

 

3. Results 
3.1. Baseline Characteristics of the Study Population 

before Propensity Score Matching 

Baseline characteristics and standardized mean 

differences of the study population before PSM are 

presented in Table 1. A total of 3248 participants had no 

or mild hepatic fibrosis, while 2116 participants were 

classified as having significant liver fibrosis or cirrhosis. 

Before matching, several baseline characteristics 

exhibited meaningful imbalance between groups, as 

assessed by standardized mean differences. Participants 

with significant liver fibrosis tended to be older and more 

frequently male, and differences were also observed in 

race distribution, anthropometric measures, metabolic 

status, and selected clinical characteristics. 

In particular, demographic and anthropometric variables, 

as well as platelet count and diabetes status, showed 

notable baseline imbalance, whereas height and viral 

hepatitis status demonstrated minimal imbalance. 

Retinopathy prevalence was higher in the fibrosis group; 

however, imbalances across retinopathy severity 

categories were generally small. 

3.2. Covariate Balance after Propensity Score 

Matching 

Following 1:1 nearest-neighbor PSM with a caliper of 
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0.15 standard deviations of the logit of the propensity 

score, a matched cohort with balanced baseline 

characteristics was obtained. Covariate balance before 

and after matching is summarized in Table 2 and 

illustrated in Figure 1. 

Before matching, substantial imbalance was observed 

between fibrosis groups with respect to age (SMD = 1.50) 

and sex (SMD = 0.25). The large baseline imbalance 

observed for age reflects the structural role of age 

(SMD=1.50) in the FIB-4 index calculation. After 

matching, SMD values for the covariates included in the 

matching model were reduced below the predefined 

threshold of 0.10, indicating adequate balance for age 

and sex.. The distribution of propensity scores before and 

after matching is shown in Figure 2, demonstrating 

improved overlap between groups after matching. 

 

Table 1. Baseline characteristics of the study population before propensity score matching 

Variables 
No/mild hepatic fibrosis 

(n=3248) 

Significant liver 

fibrosis/cirrhosis 

(n=2116) 

SMD 

Baseline information    

Age (years) 52 (40-85) 70 (40-85) 1.499 

Sex [n (%)] 

      Male 

      Female 

 

1470 (45.3) 

1778 (54.7) 

 

1223 (57.8) 

893 (42.2) 

 

0.252 

Race [n (%)] 

      Non-Hispanic white 

      Non-Hispanic black 

      Mexican American 

      Other Hispanic 

      Other race 

 

602 (18.5) 

267 (8.2) 

1607 (49.5) 

647 (19.9) 

125 (3.8) 

 

251 (11.9) 

109 (5.2) 

1300 (61.4) 

407 (19.2) 

49 (2.3) 

 

0.183 

0.119 

0.241 

0.018 

0.088 

Physical examination    

Weight (kg) 81.05 (36.30-371) 78.10 (35.90-177.40) 0.192 

Height (cm) 166.70 (140.30-203.80) 167.90 (138.60-197.10) 0.050 

BMI (kg/m2) 28.90 (15.69-130.21) 27.63 (13.36-57.31) 0.255 

Clinical information    

PLT (109/L) 39 (8-702) 33 (4-819) 0.337 

ALT (U/L) 22 (8-178) 24 (7-400) 0.241 

AST (U/L) 219 (10-799) 175 (14-412) 0.220 

Retinopathy severity [n (%)] 

      No retinopathy (Level 1) 

      Mild NPDR (Level 2) 

      Moderate/severe NPDR (Level 3) 

      PR (Level 4) 

 

2893 (89.1) 

282 (8.7) 

60 (1.8) 

13 (0.4) 

 

1806 (85.3) 

261 (12.3) 

36 (1.7) 

13 (0.6) 

 

0.114 

0.117 

0.008 

0.029 

Retinopathy [n (%)] 

      No 

      Yes 

 

2893 (89.1) 

355 (10.9) 

 

1806 (85.3) 

310 (14.7) 

 

0.114 

HCV infection [n (%)] 

      No 

      Yes 

 

3170 (97.6) 

78 (2.4) 

 

2051 (96.9) 

65 (3.1) 

0.043 

HBV infection [n (%)] 

      No 

      Yes 

 

3017 (92.9) 

231 (7.1) 

 

1952 (92.2) 

164 (7.8) 

0.026 

T2DM [n (%)] 

      No 

      Yes 

 

2659 (81.9) 

589 (18.1) 

 

1606 (75.9) 

510 (24.1) 

 

0.147 

 

BMI= body mass index, PLT= platelet count, ALT= alanine aminotransferase, AST= aspartate aminotransferase, NPDR= non-

proliferative diabetic retinopathy, PR= proliferative retinopathy, HCV= hepatitis C virus, HBV= hepatitis B virus, T2DM= type 2 

diabetes mellitus, SMD= standardized mean difference. Descriptive statistics are shown as n (%) or median (minimum-maximum). 

Variables used in the calculation of the fibrosis index (AST, ALT, and platelet count) are presented for descriptive purposes only and 

were not included in subsequent regression analyses to avoid circularity. SMD > 0.10 indicates meaningful imbalance. 
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Table 2. Covariate balance before and after propensity score matching 

Variable Before matching SMD After matching SMD 

Age 1.499 0.072 

Sex 0.254 0.018 

Standardized mean difference (SMD) < 0.10 indicates adequate covariate balance. 

 

 
 

Figure 1. Covariate balance before and after propensity score matching. Absolute standardized mean differences (SMDs) for 

covariates before and after propensity score matching. The dashed line represents the balance threshold (SMD = 0.10). 
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Figure 2. Distribution of propensity scores before and after propensity score matching. Fibrosis status was coded as 0 = 

no/mild hepatic fibrosis and 1 = significant liver fibrosis or cirrhosis. 

 

3.3. Baseline Characteristics after Propensity Score 

Matching 

Baseline characteristics and standardized mean 

differences of the matched cohort are presented in Table 

3. After PSM, substantial improvement in baseline 

balance was achieved between the fibrosis groups. 

Most demographic and clinical variables demonstrated 

adequate balance after matching, with standardized 

mean differences below the conventional threshold of 

0.10, including age, sex, weight, retinopathy prevalence, 

retinopathy severity categories, and type 2 diabetes 

mellitus. Race distribution also showed acceptable 

balance across categories, with SMD values generally 

indicating small residual differences. 

Anthropometric measures showed minimal residual 

imbalance, with height exhibiting SMD values close to the 

balance threshold, while body mass index demonstrated 

a modest imbalance. HBV was well balanced between 

groups, whereas HCV infection showed a small residual 

imbalance after matching. 

Laboratory parameters used in the calculation of the 

fibrosis index, including ALT, AST, and platelet count, 

exhibited residual imbalance after matching and were 

therefore reported for descriptive purposes only and not 

included in subsequent regression analyses to avoid 

circularity. 

3.4. Feature Selection Using LASSO Regression 

To identify independent predictors of significant liver 

fibrosis while minimizing overfitting and addressing 

potential multicollinearity, variable selection was 

performed using the Least Absolute Shrinkage and 

Selection Operator (LASSO) approach. The optimal 

penalty parameter was determined as λmin = 0.0057 

through 10-fold cross-validation, corresponding to the 

minimum binomial deviance. 

During the shrinkage process, Type 2 diabetes mellitus 

(T2DM) and body weight were penalized to zero, 

indicating a limited independent contribution in the 

presence of other covariates. The LASSO procedure 

retained five variables-HCV infection, body mass index 

(BMI), height, race, and retinopathy-as the most stable 

variables associated with liver fibrosis. The coefficient 

trajectories and cross-validation results are shown in 

Figure 3. 

To assess the robustness of the selected variables, 

multicollinearity was evaluated using the Variance 

Inflation Factor (VIF). All VIF values were below 1.10 

(Retinopathy: 1.01, BMI: 1.01, Race: 1.07, HCV: 1.00, and 

Height: 1.07), indicating negligible collinearity and 

supporting the suitability of these variables for inclusion 

in the final multivariable logistic regression model. 

3.5. Factors Associated with Liver Fibrosis in the 

Matched Cohort 

The results of the multivariable logistic regression 

analysis are presented in Table 4. The final multivariable 

logistic regression model, adjusted for variables selected 

by the LASSO procedure, demonstrated that HCV 

infection showed the strongest relationship with 

significant liver fibrosis/cirrhosis, with an odds ratio 

(OR) of 2.70 (95% CI: 1.66-4.39, P<0.001). Increasing 
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height was linked to a higher likelihood of liver fibrosis 

(OR: 1.01, 95% CI: 1.00-1.02, P=0.039), whereas body 

mass index (BMI) exhibited a modest but statistically 

significant inverse relationship with fibrosis status (OR: 

0.98, 95% CI: 0.97-0.99, P=0.001).  

Given the inverse association observed for BMI, 

restricted cubic spline regression was performed to 

evaluate potential non-linear associations. The spline 

model was adjusted for HCV infection, height, 

retinopathy, and race. The overall association between 

BMI and fibrosis remained statistically significant 

(P=0.007), whereas the test for non-linearity was not 

significant (P=0.447), suggesting an approximately linear 

relationship across the BMI range. In addition, BMI 

remained significantly different between fibrosis groups 

after propensity score matching (P=0.002), which is 

expected as BMI was not included in the propensity score 

model. 

Although retinopathy was retained during the LASSO-

based variable selection process, it did not demonstrate 

an independent relationship with liver fibrosis in the 

multivariable analysis (OR: 1.08, 95% CI: 0.86-1.36, 

P=0.494). Similarly, race did not show a statistically 

significant relationship with liver fibrosis after 

multivariable adjustment (P=0.0.097). 

 

Table 3. Baseline characteristics of the study population after propensity score matching 

Variables 
No/mild hepatic fibrosis 

(n=1213) 

Significant liver 

fibrosis/cirrhosis (n=1213) 
SMD 

Baseline information    

Age (years) 63 (40-85) 63 (40-85) 0.072 

Sex [n (%)] 

      Male 

      Female 

 

627 (51.7) 

586 (48.3) 

 

638 (52.6) 

575 (47.4) 

0.018 

Race [n (%)] 

      Non-Hispanic white 

      Non-Hispanic black 

      Mexican American 

      Other Hispanic 

      Other race 

 

205 (16.9) 

98 (8.1) 

621 (51.2) 

249 (20.5) 

40 (3.3) 

 

173 (14.3) 

72 (5.9) 

651 (53.7) 

287 (23.7) 

30 (2.5) 

 

0.072 

0.086 

0.050 

0.077 

0.048 

Physical examination    

Weight (kg) 80.30 (36.30-186.90) 79.50 (40.10-177.40) 0.061 

Height (cm) 166.80 (141.50-195) 167.90 (138.60-197.10) 0.099 

BMI (kg/m2) 28.94 (15.98-63.92) 28.16 (14.20-57.31) 0.130 

Clinical information    

PLT (109/L) 33 (8-702) 41 (4-496) 0.173 

ALT (U/L) 22 (10-104) 25 (7-329) 0.392 

AST (U/L) 222 (10-556) 176 (14-400) 0.247 

Retinopathy severity [n (%)] 

      No retinopathy (Level 1) 

      Mild NPDR (Level 2) 

      Moderate/severe NPDR (Level 3) 

      PR (Level 4) 

 

1041 (85.8) 

131 (10.8) 

35 (2.9) 

6 (0.5) 

 

1038 (85.6) 

141 (11.6) 

25 (2.1) 

9 (0.7) 

 

0.006 

0.025 

0.052 

0.026 

Retinopathy [n (%)] 

      No 

      Yes 

 

1041 (85.8) 

172 (14.2) 

 

1038 (85.6) 

175 (14.4) 

0.006 

HCV infection [n (%)] 

      No 

      Yes 

 

1191 (98.2) 

22 (1.8) 

 

1152 (95) 

61 (5) 

0.170 

HBV infection [n (%)] 

      No 

      Yes 

 

1116 (92) 

97 (8) 

 

1108 (91.3) 

105 (8.7) 

0.025 

T2DM [n (%)] 

      No 

      Yes 

 

905 (74.6) 

308 (25.4) 

 

922 (76) 

291 (24) 

0.033 

BMI= body mass index, PLT= platelet count, ALT= alanine aminotransferase, AST= aspartate aminotransferase, NPDR= non-

proliferative diabetic retinopathy, PR= proliferative retinopathy, HCV= hepatitis C virus, HBV= hepatitis B virus, T2DM= type 2 

diabetes mellitus, SMD= standardized mean difference.  Variables used in the calculation of the fibrosis index (AST, ALT, and platelet 

count) are presented for descriptive purposes only and were not included in subsequent regression analyses to avoid circularity. 



Black Sea Journal of Engineering and Science 

BSJ Eng Sci / Fulden CANTAŞ TÜRKİŞ and Buğra VAROL 1308 
 

 

Figure 3. Cross-validated selection of the optimal penalty parameter (λ) and coefficient profiles obtained from the 

LASSO model. (A) The optimal penalty parameter log(λ) selection. The binomial deviance was plotted against log(λ). 

The left vertical dashed line represents the minimum error (λmin = 0.0057), which was used to select the optimal 

features for the final model.  

 

Table 4. Multivariable logistic regression results for liver fibrosis 

Variables β OR 95% CI p VIF 

HCV Infection (Yes) 0.995 2.70 (1.66 - 4.39) <0.001 1.000 

Height (cm) 0.007 1.01 (1.00 - 1.02) 0.039 1.070 

BMI (kg/m2) -0.021 0.98 (0.97 - 0.99) 0.001 1.010 

Retinopathy (Yes) 0.080 1.08 (0.86 - 1.36) 0.494 1.010 

Race (Ref: Non-Hispanic white) 

Non-Hispanic black 

Mexican American 

Other Hispanic 

Other race 

 

-0.130 

0.170 

0.249 

-0.193 

 

0.878 

1.185 

1.282 

0.825 

 

(0.608 - 1.268) 

(0.932 - 1.506) 

(0.974 - 1.688) 

(0.490 - 1.386) 

0.097 

0.488 

0.165 

0.076 

0.467 

1.070 

Ref= reference category, β= regression coefficient, OR= odds ratio, CI= confidence interval; VIF= variance inflation factor. Model 

performance= Residual Deviance = 3326; AIC = 3338. Variables were selected using a LASSO regression-based procedure with an 

optimal penalty parameter of λ= 0.0057. Variables used in the calculation of the fibrosis index (AST, ALT, and platelet count) were 

excluded to avoid circularity. 

 

4. Discussion 
In this study, NHANES 2005-2008 data were used to 

examine the association between retinopathy and liver 

fibrosis, assessed using the FIB-4 index, within the 

framework of PSM and LASSO-based variable selection 

approaches. Rather than addressing clinical causality, the 

primary objective of this study was methodological: to 

examine how confounding-control strategies combined 

with regularized variable selection approaches influence 

epidemiological inference in large observational datasets. 

One of the main findings of this study is that the 

retinopathy-fibrosis association, which appeared 

statistically significant in unadjusted or minimally 

adjusted analyses, lost its statistical significance after 

comprehensive confounding control. This observation 

suggests that a substantial proportion of the conflicting 

results reported in the literature may stem from 

differences in analytical strategies. Indeed, while 

retinopathy has been reported as a significant predictor 

of fibrosis in some studies using NHANES data (Li et al., 

2024), other investigations conducted in similar 

populations have shown that associations observed in 

univariate analyses either attenuate or disappear after 

multivariable adjustment, or fail to demonstrate an 

independent relationship (Deravi et al., 2023; Jacob et al., 
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2023). Such heterogeneity is closely related to the extent 

of confounding control and the statistical modeling 

approaches employed. Importantly, the present findings 

demonstrate that conclusions drawn from large 

observational datasets may change substantially 

depending on how confounding control and variable 

selection are implemented. This highlights the 

importance of carefully evaluating analytical strategies 

when interpreting epidemiological associations. 

In observational data, conventional multivariable 

regression models may be insufficient for adequately 

controlling confounding. In the present study, PSM was 

applied to achieve covariate balance between fibrosis 

groups, particularly with respect to key variables such as 

age and sex, thereby improving comparability. The 

primary purpose of PSM is not to produce direct causal 

effect estimates, but rather to reduce systematic 

differences between groups and to facilitate more 

consistent and less biased subsequent modeling steps. 

This approach is widely used in datasets such as 

NHANES, which lack randomization and involve multiple 

potential confounding factors (Jeong and Kim, 2024; 

Burgos-Ochoa and Clouth, 2025). Importantly, the 

propensity score model was deliberately restricted to age 

and sex, which represented the most pronounced sources 

of baseline imbalance between groups. This design choice 

reflects a methodological preference to use PSM for 

addressing major demographic confounding, while 

allowing additional clinical and metabolic factors to be 

evaluated within the variable selection and multivariable 

regression framework. 

An important methodological consideration in this 

analysis relates to the role of age in the definition of the 

FIB-4 index. Because age is directly incorporated into the 

FIB-4 calculation, a substantial baseline age imbalance 

between fibrosis groups is structurally expected in 

observational datasets. Therefore, balancing age between 

groups is essential when evaluating the relationship 

between retinopathy and liver fibrosis. Since both 

retinopathy and liver fibrosis are strongly age-dependent 

conditions, failure to account for age could produce a 

spurious association driven primarily by their shared age 

dependence rather than a direct biological relationship. 

In this study, PSM was implemented to enhance between-

group comparability and reduce potential confounding 

effects, and robust standard error estimates were used in 

post-matching analyses to account for the dependency 

structure induced by matching. This strategy contributes 

to a more balanced and cautious interpretation of model-

based results, particularly in large observational datasets 

such as NHANES. The limited consideration of such 

balancing approaches in previous studies may partially 

explain the inconsistencies reported in the literature 

(Rogers, 2023; Salerno et al., 2025). 

The LASSO regression method used in the variable 

selection process is widely recommended as a 

parsimonious and stable modeling approach for high-

dimensional data with multicollinearity. Traditional 

stepwise regression techniques are prone to model 

instability and overfitting. In contrast, LASSO regression 

applies L1 regularization to shrink coefficients and 

exclude weaker predictors, enabling the construction of 

more concise models (Schonlau, 2023; Bangchang, 2024). 

In the present analysis, LASSO-based variable selection 

indicated that several clinical and demographic variables 

provided limited independent contribution in the 

presence of other covariates and were therefore 

excluded from the final model. This approach aimed to 

reduce model complexity and improve interpretability. 

In the multivariable logistic regression model 

constructed using variables selected through LASSO, 

hepatitis C virus infection, body mass index, and height 

were identified as factors associated with liver fibrosis, 

whereas retinopathy was not confirmed as an 

independent determinant within this modeling 

framework. This finding suggests that retinopathy may 

be related to fibrosis indirectly through shared 

confounding pathways-such as age, metabolic status, and 

coexisting systemic conditions-rather than acting as a 

direct risk factor.  

The inverse association observed between BMI and liver 

fibrosis should be interpreted cautiously. In cross-

sectional observational datasets such as NHANES, lower 

BMI values among individuals with advanced liver 

disease may partly reflect illness-related weight loss, 

reverse causation, or underlying disease severity, rather 

than a true protective effect of higher BMI. Such patterns 

have been widely discussed in the context of the so-called 

obesity paradox observed in several chronic diseases 

(Elsabaawy, 2024). The variability in findings reported in 

the literature should therefore be interpreted in light of 

differences in variable selection strategies and 

heterogeneity in the covariate sets included in analytical 

models (Feng et al., 2021; Guo et al., 2023; Zhang et al., 

2023). 

One of the key methodological contributions of this study 

is the demonstration that associations identified in large 

observational health datasets may be highly sensitive to 

analytical design choices. By applying propensity score 

matching to improve covariate balance and LASSO-based 

regularization to guide variable selection within the same 

dataset, this study illustrates how different modeling 

strategies can substantially influence the magnitude and 

statistical significance of observed relationships. These 

findings underscore the importance of transparent and 

carefully justified analytical frameworks when 

interpreting epidemiological associations derived from 

complex real-world datasets such as NHANES. 

The strengths of this study include the use of a large 

population-based NHANES sample, the implementation 

of propensity score matching to enhance covariate 

balance, and the application of LASSO-based variable 

selection to construct a parsimonious multivariable 

model. By integrating these complementary analytical 

approaches within the same dataset, the study provides a 

methodological framework for evaluating how modeling 
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strategies may influence epidemiological interpretations 

in large observational health databases. 

Several limitations should also be considered. First, due 

to the cross-sectional design of the study, the findings 

cannot be interpreted as evidence of causal relationships. 

Second, PSM can only balance measured confounders, 

and unmeasured confounding may remain a source of 

residual bias. In addition, although NHANES provides 

nationally representative data, the complex survey 

design and sampling weights were not incorporated into 

the present modeling framework, which may limit the 

direct generalizability of the findings to the broader 

population. 

Future studies may benefit from prospective designs and 

sensitivity analyses to more comprehensively assess the 

potential impact of unmeasured confounding. In addition, 

replication of these findings in independent populations 

and different epidemiological settings would help 

evaluate the robustness and generalizability of the 

observed associations. Moreover, explainable machine 

learning approaches may provide an alternative 

methodological perspective by enabling the joint 

evaluation of variable selection and model performance 

in similar epidemiological research questions. Future 

research may further evaluate the robustness of these 

findings using alternative causal inference frameworks, 

such as inverse probability weighting, doubly robust 

estimation, or targeted maximum likelihood estimation. 

In addition, integrating explainable machine learning 

approaches with traditional epidemiological modeling 

may provide a promising direction for improving both 

interpretability and predictive performance in large 

observational health datasets. 

From a methodological perspective, this study 

contributes to the growing literature emphasizing the 

importance of analytical transparency in observational 

health research. By integrating propensity score 

matching with LASSO-based variable selection within the 

same analytical framework, the study demonstrates how 

confounding-control strategies and feature-selection 

methods can substantially influence statistical inference. 

These findings highlight the need for carefully justified 

modeling strategies when analyzing large 

epidemiological datasets and may guide future studies 

aiming to combine causal inference approaches with 

modern regularization techniques. 

 

5. Conclusion  
In conclusion, this study demonstrates that the statistical 

methods used to evaluate the association between 

retinopathy and liver fibrosis may have a meaningful 

influence on the resulting estimates. Rather than 

informing clinical decision-making, the findings 

emphasize the importance of confounding control and 

modeling strategies in large-scale observational datasets 

and contribute to ongoing methodological discussions in 

epidemiological research. 
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