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Abstract: Cryptogenic cirrhosis is a diagnosis of exclusion with heterogeneous and often overlapping 

etiologies, making systematic investigation challenging in routine clinical practice. We propose a unified 

statistical and epidemiological framework that integrates classical study designs (case–control and co-

hort with survival analysis), evidence synthesis (meta-analysis), exploratory genetics (genome-wide as-

sociation studies), and modern machine learning to examine potential contributors such as long-term 

analgesic exposure and metabolic comorbidities. A motivating clinical vignette is used solely to illus-

trate the clinical context in which such analyses may arise. All quantitative results presented in this 

study are derived from fully simulated datasets constructed to demonstrate the behavior and interpret-

ability of the proposed workflow rather than to establish real-world causal effects. Within these illus-

trative simulations, analgesic exposure is specified to act as a risk factor, leading to elevated association 

measures in case–control analyses, separation of survival curves in cohort analyses, and high feature 

importance in predictive models, while exploratory GWAS simulations yield no genome-wide signifi-

cant signals, underscoring the need for adequately powered real studies. The proposed workflow is 

transparent, reproducible, and deployable in prospective registries, with the primary goal of generating 

testable etiologic hypotheses rather than confirming definitive clinical associations. 

Keywords: Cryptogenic cirrhosis; drug-induced liver injury; NAFLD; NASH; analgesic exposure; sur-

vival analysis; case–control study; GWAS; meta-analysis; machine learning; risk stratification; hepatol-

ogy. 

 

1. Introduction 
Cryptogenic cirrhosis (CC) remains a prevalent yet poorly understood form of liver dis-

ease, accounting for 5% to 30% of all cirrhosis cases [1]. The etiology is often speculative, 
with potential causes including unresolved nonalcoholic fatty liver disease (NAFLD), nonal-
coholic steatohepatitis (NASH), autoimmune hepatitis, and drug-induced liver injury (DILI) 
[2], [3], [4]. Diagnosing CC is challenging as the underlying mechanisms remain elusive, re-
quiring further research with advanced diagnostic and statistical methodologies. This paper, 
in light of a motivating case of cryptogenic cirrhosis of [5], discusses plausible etiologies and 
proposes statistical approaches to investigate similar cases to enhance the current understand-
ing of this enigmatic disease. 

[5] has presented an interesting, motivating case report, as follows: a 41-year-old male 
patient presented with elevated liver enzymes during a routine check after experiencing mi-
graines. His medical history indicated extensive use of analgesics in his 20s, though he re-
ported no alcohol consumption or family history of liver disease. Imaging studies revealed 
decreased liver size and irregular boundaries, suggestive of chronic liver disease. Blood tests 
ruled out viral hepatitis (HBV, HCV), HIV, and common autoimmune markers. A liver bi-
opsy indicated no pathological findings, and imaging studies were inconclusive beyond 
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chronic liver disease indicators. Elevated alkaline phosphatase (ALP) and gamma-glutamyl 
transferase (GGT) persisted, but no definitive cause for liver failure was identified. The pa-
tient’s condition remained stable with no active complaints, though liver function remained 
impaired. Throughout this paper, the motivating clinical case serves solely as an illustrative 
example, and all quantitative findings are derived from simulated data constructed to demon-
strate methodological behavior rather than to validate etiologic claims in real patients. This 
case is not analyzed statistically in this work but is used solely to motivate the types of epide-
miological, genetic, and predictive analyses that could be deployed in larger cohorts or regis-
tries. 

Research Objectives 

1. Develop a reproducible, end-to-end workflow to interrogate putative causes of 
cryptogenic cirrhosis using complementary designs: case–control, cohort time-
to-event, genetics, evidence synthesis, and predictive modeling. 

2. Quantify the association between long-term analgesic exposure and cryptogenic 
cirrhosis while accounting for metabolic and clinical covariates. 

3. Examine potential genetic contributions through exploratory GWAS and place 
findings in context via meta-analysis of external evidence. 

4. Build interpretable prediction models that highlight clinically actionable factors 
for risk stratification and hypothesis generation. 

5. Provide open, auditable code and reporting templates to facilitate prospective 
validation in multicenter registries. 

Novelty 

 

1. A unified statistical framework tailored to cryptogenic cirrhosis that spans epi-
demiology, genetics, evidence synthesis, and machine learning within a single, 
transparent pipeline. 

2. Rigorous, simulation-based stress-testing of conclusions under class imbalance 
and model misspecification, with diagnostics that clinicians can interpret. 

3. Emphasis on data standards (exposure histories, metabolic profiles, imaging/la-
boratory panels) to reduce misclassification and improve external validity, & re-
producible artifacts enabling rapid deployment to prospective studies and clini-
cal decision support. 

2. Potential Etiologies 
Understanding the etiologies of cryptogenic cirrhosis is essential for elucidating the path-

ophysiology of this complex and often misdiagnosed condition. Cryptogenic cirrhosis, de-
fined as cirrhosis of unknown cause, presents without the hallmark indicators of other forms 
of liver disease, complicating diagnosis and management [6], [7]. This section explores several 
potential etiologies, focusing on drug-induced liver injury (DILI), non-alcoholic fatty liver 
disease (NAFLD), and other lesser-known contributors that may be responsible for the de-
velopment of cryptogenic cirrhosis in patients. 

In the case stated in [5], that of the 41-year-old male patient with elevated liver enzymes 
and a history of extensive analgesic use, several potential etiologies for his chronic liver disease 
can be considered. Given the patient’s history of analgesic use, particularly with acetamino-
phen (APAP), it is crucial to explore the hepatotoxic effects associated with this common 
analgesic. 
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Acetaminophen is widely recognized for its analgesic and antipyretic properties; how-
ever, it poses a significant risk for hepatotoxicity, especially when used in excessive doses. 
The toxic metabolite N-acetyl-p-benzoquinone imine (NAPQI) is produced during the me-
tabolism of APAP. In cases of overdose, it can lead to severe liver damage and acute liver 
failure [8–10]. Studies have shown that NAPQI can cause oxidative stress and mitochondrial 
dysfunction, leading to hepatocyte necrosis [11, 12]. Furthermore, chronic use of analgesics 
like acetaminophen can result in cumulative liver injury, particularly in individuals with preex-
isting liver conditions or those who may have compromised liver function due to other factors 
[13]. 

Another potential etiology to consider is Non-Alcoholic Fatty Liver Disease (NAFLD), 
which is increasingly recognized as a leading cause of chronic liver disease in the developed 
world. NAFLD can progress to more severe liver conditions, including steatohepatitis and 
cirrhosis, and is often associated with metabolic syndrome [14,15]. Given that the patient has 
no history of alcohol consumption or viral hepatitis, NAFLD could be a plausible explanation 
for the elevated liver enzymes. 

Additionally, the possibility of drug-induced liver injury (DILI) should be considered. 
The patient’s extensive use of analgesics, particularly if they included combinations with other 
medications, could have contributed to liver impairment. Research indicates that various an-
algesics, including non-steroidal anti-inflammatory drugs (NSAIDs) and opioids, can also lead 
to liver damage, particularly when used inappropriately or in high doses [16, 17]. 

Lastly, while autoimmune liver diseases were ruled out, it is essential to acknowledge that 
some cases of chronic liver disease can present with atypical features and may not show clear 
pathological findings on biopsy. Conditions such as autoimmune hepatitis or primary biliary 
cholangitis may require more specific testing or a longer observation period to diagnose ac-
curately [15]. 

The potential etiologies for the patient’s chronic liver disease include hepatotoxicity from 
acetaminophen use, NAFLD, and possibly DILI from other analgesics. These factors warrant 
further investigation to ascertain their contribution to the patient’s condition. 

2.1. Drug-Induced Liver Injury (DILI) 

     Drug-induced liver injury (DILI) is a leading cause of acute liver failure. It plays a 
significant role in the progression of chronic liver disease among patients with prolonged 
medication use. DILI can arise from both prescription and over-the-counter medications, 
including nonsteroidal anti-inflammatory drugs (NSAIDs) and acetaminophen, which are rec-
ognized hepatotoxins [18].  

In the context of cryptogenic cirrhosis, the prolonged use of analgesics raises concerns 
regarding the cumulative hepatotoxic effects of these medications. Mechanistically, drugs 
such as NSAIDs and acetaminophen can induce liver injury through oxidative stress, mito-
chondrial dysfunction, and inflammatory responses [19]. Acetaminophen, in particular, is me-
tabolized in the liver to produce a toxic metabolite, N-acetyl-p-benzoquinone imine 
(NAPQI), which can deplete glutathione stores and lead to hepatocyte necrosis upon sus-
tained exposure [20]. While typical presentations of DILI are often acute, chronic, subclinical 
liver damage is also possible, especially with medications that may not initially produce overt 
symptoms but cause cumulative harm over time [21].  

Clinically, diagnosing DILI as a contributor to cryptogenic cirrhosis necessitates a me-
ticulous review of the patient’s medication history and liver enzyme trends. Liver biopsies 
may reveal patterns such as eosinophilic infiltration, bile duct damage, or zonal necrosis, alt-
hough these findings can be nonspecific [18]. In cases involving prolonged analgesic use, 
particularly in patients without other risk factors, DILI should be considered in the differen-
tial diagnosis of cryptogenic cirrhosis. 

2.2. Non-Alcoholic Fatty Liver Disease (NAFLD) and Non-Alcoholic Steato-
hepatitis (NASH) 
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Non-alcoholic fatty liver disease (NAFLD) and its more severe form, non-alcoholic ste-
atohepatitis (NASH), are increasingly recognized as potential etiologies of cryptogenic cirrho-
sis. NAFLD is characterized by hepatic steatosis in patients without significant alcohol con-
sumption and is closely associated with components of metabolic syndrome, including obe-
sity, type 2 diabetes, and dyslipidemia [22]. Approximately 20% of patients with NAFLD 
progress to NASH, which is marked by inflammation and hepatocyte injury that can lead to 
fibrosis and, ultimately, cirrhosis [23].  

The pathogenesis of NAFLD is often explained by the “two-hit” hypothesis, wherein 
the initial accumulation of triglycerides in hepatocytes (the first hit) sensitizes the liver to 
subsequent inflammatory insults (the second hit), such as oxidative stress and mitochondrial 
dysfunction [24]. Over time, these processes can result in fibrosis and cirrhosis, even in pa-
tients without apparent liver symptoms. In instances where cirrhosis develops without a clear 
history of alcohol use or viral hepatitis, cryptogenic cirrhosis is frequently retrospectively re-
classified as NAFLD-related cirrhosis [23]. 

 Importantly, NAFLD and NASH are typically asymptomatic in their early stages, with 
liver disease often detected incidentally or only when advanced fibrosis has occurred. Given 
the strong association between NAFLD/NASH and metabolic syndrome, patients with cryp-
togenic cirrhosis who present with obesity, diabetes, or hypertension should be evaluated for 
NAFLD using imaging and, when appropriate, liver biopsy to assess fibrosis and confirm the 
diagnosis [22]. 

2.3 Other Potential Etiologies 

In addition to DILI and NAFLD/NASH, several other etiologies warrant consideration 
in patients with cryptogenic cirrhosis: 

1. Undetected Viral Hepatitis: While hepatitis B and C are common viral causes of 
cirrhosis, occult or undetected infections by hepatitis E or other rare hepato-
tropic viruses may contribute to liver disease. A history of travel to endemic 
areas or contact with potentially infected sources can guide further testing for 
viral markers [25].  

2. Autoimmune Hepatitis (AIH): Autoimmune hepatitis may present subtly, partic 
ularly in older adults, with mild elevations in aminotransferase levels that might 
not meet the criteria for diagnosis during initial screening [26]. Testing for au-
toantibod ies (ANA, ASMA) and immunoglobulin G (IgG) levels can aid in 
identifying AIH in cryptogenic cases.  

3. Genetic or Metabolic Disorders: Genetic conditions such as hemochromatosis, 
Wilson’s disease, and alpha-1 antitrypsin deficiency are less common but can 
lead to undiagnosed cirrhosis. Comprehensive screening, including serum ferri-
tin, ceruloplasmin, and genetic testing, should be considered when family his-
tory or other clinical features raise suspicion [27].  

4. Environmental and Occupational Exposures: Chronic exposure to toxins, in-
cluding industrial chemicals or herbal supplements, can cause liver damage. 
Identifying potential environmental exposures through patient history may re-
veal a causal relationship, even without traditional risk factors [19].  

Given the heterogeneous nature of cryptogenic cirrhosis, comprehensive evaluation and 
a systematic approach to ruling out these potential etiologies are essential. The cumulative 
effects of mild liver insults—whether from undetected infections, prolonged drug exposure, 
or genetic predispositions—underscore the need for a nuanced approach in patients with 
unexplained liver disease.  

Cryptogenic cirrhosis remains a diagnostic challenge due to its multifactorial nature. 
DILI, NAFLD/NASH, undetected viral or autoimmune hepatitis, and environmental toxins 
represent potential contributors to the pathogenesis of this disease. Future studies focusing 
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on advanced diagnostic methodologies, including genetic and biomarker profiling, may fur-
ther clarify these etiologies, facilitating more targeted interventions and improved manage-
ment of patients with cryptogenic cirrhosis. 

3. Proposed Statistical Methodologies for Investigation 
In this section, we propose various statistical methodologies to investigate potential risk 

factors and underlying causes of cryptogenic cirrhosis. Each methodology is tailored to a 
specific aspect of the research question, providing a framework for exploring relationships, 
assessing risk factors, and uncovering potential genetic predispositions. 

3.1. Case-Control Study 

A case-control study design is useful for exploring the association between cryptogenic 
cirrhosis and potential risk factors. In this approach, we select two groups: 

1. Cases: Patients diagnosed with cryptogenic cirrhosis. 

2. Controls: Matched individuals without liver disease. 

The goal is to examine the prevalence of specific exposures, such as analgesic use, in 
cases relative to controls.  

The primary measure of association in a case-control study is the odds ratio (OR), which 
quantifies the odds of exposure in cases compared to controls. The odds ratio is calculated as 
follows: 

𝑂𝑅 =
(𝑎/𝑐)

(𝑏/𝑑)
=

𝑎𝑑

𝑏𝑐
 

where: 

1. a: number of cases with exposure 

2. b: number of cases without exposure 

3. c: number of controls with exposure 

4. d: number of cases without exposure 

Interpretation: If OR > 1, exposure is more common in cases than controls, suggesting 
it may be a risk factor for cryptogenic cirrhosis. An OR < 1 indicates that exposure is less 
common in cases, suggesting it may be protective.  

To adjust for potential confounders—variables that may influence both the exposure 
and outcome—we apply multivariate logistic regression. The logistic regression model esti-
mates the probability of being a case (Y = 1) as a function of multiple predictors 

𝑋1, 𝑋2, … , 𝑋𝑝: 

𝑙𝑜𝑔𝑖𝑡(𝑃(𝑌 = 1)) =𝑙𝑛 𝑙𝑛 ((
𝑃(𝑌 = 1)

1 − 𝑃(𝑌 = 1)
) =  𝛽

0
+ 𝛽1𝑋1 + ⋯ + 𝛽𝑝𝑋𝑝 

1. P(Y =1) is the probability of having cryptogenic cirrhosis. 

2. 𝛽0 is the intercept term. 

3. 𝛽1, 𝛽2, … , 𝛽𝑝 are the coefficients associated with predictors 𝑋1, 𝑋2, … , 𝑋𝑝. 
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Interpretation of Coefficients: Each βi represents the change in the log odds of cryp-
togenic cirrhosis associated with a one-unit increase in predictor Xi, holding other variables 

constant. 

 3.2. Cohort Study 

A cohort study tracks a group of individuals over time, enabling us to observe the de-
velopment of cryptogenic cirrhosis in individuals with and without certain risk factors (e.g., 
analgesic use). This design is beneficial for establishing temporal relationships between expo-
sure and outcome.  

We employ survival analysis techniques to analyze time-to-event data, specifically Kaplan 
Meier curves and the Cox proportional hazards model. 

3.2.1. Kaplan-Meier Estimator 

The Kaplan-Meier estimator calculates the probability of surviving (or remaining disease 
free) over time, creating a survival curve. For a given time t, the survival probability S(t) is 
estimated as: 

𝑆(𝑡) = ∏

𝑡𝑖≤𝑡

(1 −
𝑑𝑖

𝑛𝑖
) 

where: 

1. 𝑑𝑖 : Number of events (cases of cirrhosis) at time 𝑡𝑖. 

2. 𝑛𝑖: Number of individuals at risk just before 𝑡𝑖. 

3.2.2. Cox Proportional Hazards Model 

The Cox model estimates the hazard (risk) of developing cryptogenic cirrhosis given an 
exposure, accounting for other covariates: 

ℎ(𝑋) = ℎ0(𝑡)𝑒𝑥𝑝 (𝛽1𝑋1 + ⋯ + 𝛽𝑝𝑋𝑝) 

where: 

1. ℎ(𝑋): hazard function at time t given covariates X. 

2. ℎ0(𝑡): Baseline hazard at time t. 

3. 𝛽𝑖: Regression coefficient for covariate 𝑋𝑖 . 

Interpretation: The hazard ratio 𝑒𝑥𝑝 (𝛽𝑖) represents the change in the hazard associ-

ated with a one-unit increase in 𝑋𝑖 , holding other variables constant. 

3.3. Genome-Wide Association Study (GWAS) 

A GWAS is employed to identify genetic variants associated with cryptogenic cirrhosis 
by comparing the genomes of patients with and without the disease. This approach tests as-
sociations between single-nucleotide polymorphisms (SNPs) and disease status.  

To control for multiple testing, we use the Bonferroni correction, adjusting the signifi-

cance threshold 𝛼 based on the number of tests m: 

𝛼𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 =
𝛼

𝑚
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Alternatively, we can use the False Discovery Rate (FDR) to balance sensitivity and spec-
ificity. 

3.4. Meta-Analysis 

A meta-analysis aggregates findings from multiple studies to improve statistical power 
and provide a more robust effect size estimate. A fixed-effect or random-effects model is 
used depending on the heterogeneity (variation between studies). 

To quantify heterogeneity, we calculate the 𝐼2 statistic: 

𝐼2 =
𝑄 − (𝑘 − 1)

𝑄
× 100% 

where: 

1. Q: Cochran’s Q statistic, measuring total variability. 

2. k: Number of studies. 

Interpretation: An 𝐼2 value near 0 % suggests homogeneity, while a higher value indi 

cates substantial heterogeneity. 

3.5. Machine Learning Approaches 

Machine learning (ML) algorithms can identify non-linear relationships and interactions 
between variables, including random forests, support vector machines, and neural networks.  

Given predictors 𝑋1, 𝑋2, . . , 𝑋𝑝 and the outcome Y (presence or absence of cryptogenic 

cirrhosis), ML algorithms aim to construct a model 𝑓(𝑋) ≈ 𝑌 that minimizes prediction 
error. These methods are particularly useful when relationships between predictors and out-
comes are complex and non-linear. 

In this study, a Random Forest classifier was employed as the primary algorithm due to 
its robustness, interpretability, and ability to handle heterogeneous data types and missing 
values effectively. The Random Forest algorithm operates as an ensemble of decision trees, 
where each tree is trained on a random subset of the data and predictors, and the final pre-
diction is determined through majority voting. This ensemble strategy reduces overfitting and 
enhances generalizability, making it particularly suited for biomedical datasets with moderate 
sample sizes and potentially correlated features.  

Machine learning approaches complement classical statistical methods by providing 
deeper insights into data patterns, facilitating early identification of high-risk patients, and 
guiding future hypothesis-driven investigations in hepatology. 

4. Simulation Analysis 
All analyses presented in this section are based on simulated datasets. The simulations 

are intentionally constructed to reflect plausible clinical scenarios and exposure–outcome re-
lationships, allowing the proposed statistical framework to be demonstrated in a controlled 
setting. Consequently, the numerical results should be interpreted as illustrative examples of 
methodological performance rather than as evidence derived from real-world patient data. 

We conducted a series of simulation analyses employing various statistical methodolo-
gies to investigate the potential etiologies of cryptogenic cirrhosis. These methodologies in-
clude Case-Control, Cohort, Genome-Wide Association Studies (GWAS), Meta-Analysis, and 
Machine Learning Approaches. Each subsection below details the simulation process, pre-
sents the corresponding results through tables and figures, and provides an in-depth interpre-
tation of the findings. 
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4.1 Case-Control Study 

A Case-Control Study was simulated to assess the association between analgesic use and 
cryptogenic cirrhosis. The study comprised 500 cases (patients with cryptogenic cirrhosis) and 
500 controls (individuals without liver disease). The exposure of interest was analgesic use, 
categorized as “Exposure” or “No Exposure.” 

4.1.1 Contingency Table and Odds Ratio 

The simulated data yielded the following contingency table: 

Table 1. Contingency Table of Analgesic Use Among Cases and Controls 

 No Exposure Exposure 

Control 320 180 

Case 154 346 

The Chi-squared test yielded a p-value < 0.001, indicating a highly significant association 
between analgesic use and cryptogenic cirrhosis. The calculated Odds Ratio (OR) was 3.99, 
with a 95% Confidence Interval (CI) ranging from 3.07 to 5.20. These results suggest that 
individuals exposed to analgesics are approximately four times more likely to develop crypto-
genic cirrhosis compared to those unexposed (see Table 1). 

4.1.2 Logistic Regression Analysis 

A multivariate logistic regression was performed to adjust for potential confounders. 
The regression model estimated the association between analgesic use and the likelihood of 
having cryptogenic cirrhosis. 

Table 2. Logistic Regression Results for Analgesic Use  

Covariate 
 

Coef 
Exp(Coef)   SE(Coef)   95% CI Lower   95% CI Upper 

Analgesic 

Use 
0.576        

     1.780          0.241            0.105                     

1.048 

                         Note: Coef represents the regression coefficient, Exp(Coef) is the Odds Ratio, 
SE(Coef) is the standard error, and CI denotes the confidence interval. 

The logistic regression analysis indicated that analgesic use significantly increases the 
odds of having cryptogenic cirrhosis (OR = 1.78, 95% CI: 1.11- 2.85, p = 0.0166), as pre-
sented in Table 2. The positive coefficient (β = 0.576) confirms that analgesic use is a risk 
factor for cryptogenic cirrhosis. 

Figure 1 illustrates the proportion of individuals with and without analgesic use among 
cases and controls. 
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Figure 1: Proportion of Analgesic Use Among Cases and Controls 

The bar plot in Figure 1 visually underscores the higher prevalence of analgesic use 
among cases compared to controls, aligning with the statistical findings. 

4.2 Cohort Study 

  A Cohort Study was simulated to evaluate the temporal relationship between analgesic 
use and the development of cryptogenic cirrhosis. The study followed 1,000 individuals over 
time, tracking the onset of cryptogenic cirrhosis among those exposed and unexposed to 
analgesics.  

4.2.1 Survival Analysis with Kaplan-Meier Curves  

Kaplan-Meier survival curves were generated to compare the survival probabilities (re-
maining free of cryptogenic cirrhosis) between the exposed and unexposed groups. As de-
picted in Figure 2, the survival probability decreases more rapidly for individuals exposed to 
analgesics, indicating a higher incidence of cryptogenic cirrhosis in this group. 
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Figure 2: Kaplan-Meier Survival Curves for Analgesic Use Groups 

 

4.2.2 Cox Proportional Hazards Model          

A Cox Proportional Hazards Model was employed to quantify the hazard associated 
with analgesic use, adjusting for other covariates. 

Table 3. Cox Proportional Hazards Model Summary  

Covariate 
 

Coef 

Exp(Coef)   SE(Coef)   95% CI Lower   95% CI Upper    

p-value 

Analgesic 

Use 
0.576        

     1.780          0.241            1.110                     

2.852            0.0166 

The Cox model results, summarized in Table 3, indicate that analgesic use is associated 
with a significantly increased hazard of developing cryptogenic cirrhosis (Hazard Ratio = 1.78, 
95% CI: 1.11- 2.85, p = 0.0166). 

4.2.3 Visualization of the Cox Model 

Figure 3 presents the Cox Proportional Hazards Model coefficient estimates. The plot 
in Figure 3 visually represents the estimated hazard ratios and their confidence intervals, re-
inforcing the significant association between analgesic use and cryptogenic cirrhosis. CThe 
ox Proportional Hazards Model Coefficients plot displays the estimated coefficients and their 
95% confidence intervals for each covariate included in the Cox model. 
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Figure 3: Cox Proportional Hazards Model Coefficients 

4.3. Genome-Wide Association Study (GWAS) 

4.3.1. Simulation and Analysis 

A Genome-Wide Association Study (GWAS) was simulated to identify genetic variants 
(Single-Nucleotide Polymorphisms, SNPs) associated with cryptogenic cirrhosis. The study 
involved 1,000 individuals genotyped for 100,000 SNPs, with 5 SNPs truly associated with 
the disease. 

4.3.2. GWAS Results and Manhattan Plot 

A subset of GWAS results is presented below, followed by the Manhattan plot illustrat-
ing the distribution of p-values across the genome. The Manhattan plot in Figure 4 visualizes 

the −𝑙𝑜𝑔10(P-value) for each SNP across all chromosomes. 

Table 4. Selected GWAS Results  

Chromo-

some 
  

                    Position                                      

P-value 

          21  
                         0                                            

0.5399 

          16         
                         1                                            

0.1762 

          3  
                         2                                            

0.1110 

     ……..  
                   ……….                                     

………… 

          16  
                         3                                             

0.7182 
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13 
 

                         4                                             

0.3313 

 

Table 4 showcases a selection of SNPs and their respective p-values from the GWAS. 
Notably, no SNPs reached the conventional genome-wide significance threshold (p < 

5 × 10−8) in this simulation. 

                                     

 

Figure 4: Manhattan Plot of GWAS Results 

Each dot represents an SNP plotted by its genomic position across chromosomes (1-
22). The colors alternate between blue and red for different chromosomes to enhance visual 
distinction. The y-axis displays the −𝑙𝑜𝑔10(P-value), where higher values indicate stronger 
associations. The dashed grey line denotes the genome-wide significance threshold (p = 

5 × 10−8). No considerable numbers of SNPs surpassing this threshold are observed, sug-
gesting no significant genetic associations within the simulated dataset. 

The Manhattan plot in Figure 4 visualizes the-𝑙𝑜𝑔10 (p-value) for each SNP across all 
chromosomes. The absence of points surpassing the genome-wide significance line (p = 

5 × 10−8) suggests no significant genetic associations in this simulation. The color alterna-
tion between blue and red differentiates consecutive chromosomes, facilitating the identifica-
tion of potential association peaks. The absence of a significant number of points exceeding 
the significance threshold line indicates no SNPs with genome-wide significant associations 
in this simulation. 

4.4. Meta-Analysis 

4.4.1. Simulation and Analysis 
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A Meta-Analysis was conducted by aggregating data from 10 simulated studies, each 
providing log Odds Ratio (log-OR) and their standard errors (SE-Log OR). Both fixed effect 
and random effects models were applied to estimate the pooled effect sizes. 

4.4.2. Meta-Analysis Results and Forest Plot 

The meta-analysis yielded the following results: Table 5 presents the pooled LogOR es-
timates from both fixed-effect and random-effects models. The fixed-effect model estimates 
a LogOR of 0.153 (OR = 1.17), while the random-effects model estimates a LogOR of 0.129 
(OR = 1.14). 

Table 5. Meta-Analysis Results 

Effect Log_OR SE_Log_OR 

Fixed Effect 0.153 0.057 

Random Effect 0.129 0.075 

 

                     

Figure 5: Forest Plot of Meta-Analysis 

Each horizontal line represents the confidence interval of the Log Odds Ratio for an 
individual study, depicted as squares whose sizes are proportional to the study’s weight in the 
meta-analysis. The vertical dashed line indicates no effect (Log OR = 0). The diamond at the 
bottom represents the pooled Log Odds Ratio from the fixed-effect and random-effects mod-
els, with its width corresponding to the 95% confidence interval. The fixed-effect model (red 
diamond) suggests a modest pooled effect, while the random-effects model (green diamond) 
accounts for between-study variability.  

The forest plot in Figure 5 illustrates the individual study estimates and the pooled esti-
mates under both fixed- and random-effects models. The narrow confidence intervals in the 
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fixed-effect model suggest consistent results across studies, whereas the wider intervals in the 
random-effects model indicate variability among study findings. 

4.5. Machine Learning Approaches 

4.5.1. Simulation and Analysis 

Machine Learning (ML) algorithms were employed to predict cryptogenic cirrhosis 
based on simulated clinical and genetic data. A Random Forest Classifier was trained on a 
dataset containing features such as Age, BMI, Analgesic Use, Diabetes, Hypertension, and 
Genetic Risk.  

4.5.2. Model Performance and Evaluation 

The model’s performance was evaluated using metrics including precision, recall, F1-
score, and ROC AUC. The classification report is summarized in Table 6. 

Table 6. Classification Report for Random Forest Classifier 

Class      Precision            Recall F1-Score                      Support 

0                             

1 

 

0.50 

              

0.06                             

0.11 

  

16 

0.92 
0.99                

0.96       
184 

   

Accuracy 

   

 0.92  

Macro Avg 

   

   

0.71 0.53 0.53                             200 

   

Weighted Avg 

   

0.89 

                  

0.92                 

0.89 

200 

 

The Random Forest classifier achieved a high overall accuracy (92%); however, this per-
formance is driven primarily by its ability to correctly identify cases of cryptogenic cirrhosis. 
The model performs poorly in identifying controls, as reflected by the low precision and recall 
for the negative class. This behavior arises from substantial class imbalance in the simulated 
dataset, leading the classifier to preferentially assign observations to the majority (case) class. 
As a result, accuracy alone overstates predictive performance, and metrics that account for 
class-specific behavior provide a more informative assessment. This limitation reflects the 
illustrative nature of the simulation, and future applications of the framework should explicitly 
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address class imbalance through resampling strategies, cost-sensitive learning, or alternative 
evaluation metrics. 

4.5.3. Confusion Matrix 

Figure 6 presents the confusion matrix, highlighting the model’s performance in distin-
guishing between cases and controls. 

 

Figure 6: Confusion Matrix for Random Forest Classifier 

The confusion matrix in Figure 6 reveals that out of 200 test samples, 16 were correctly 
identified as controls, while 184 were correctly identified as cases. The model successfully 
minimized false negatives but had a limited ability to correctly classify controls. 

4.5.4. Feature Importance  

Figure 7 depicts the feature importance scores derived from the Random Forest model, 
indicating the relative influence of each predictor on the classification outcome. 
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Figure 7: Feature Importance in Random Forest Classifier 

The bar plot ranks the features based on their importance scores, as determined by the 
Random Forest algorithm. Analgesic Use emerged as the most influential feature, followed 
by Genetic Risk and BMI. Age, Diabetes, and Hypertension exhibited lower importance 
scores, suggesting that analgesic use is a critical predictor for cryptogenic cirrhosis in the sim-
ulated dataset.  

As illustrated in Figure 7 (Feature Importance plot), Analgesic Use emerged as the most 
influential feature, followed by Genetic Risk and BMI. Age, Diabetes, and Hypertension ex-
hibited lower importance scores, suggesting that analgesic use is a critical predictor for cryp-
togenic cirrhosis in the simulated dataset. The matrix dis plays the number of true positives 
(TP), true negatives (TN), false positives (FP), and false negatives (FN). In this simulation, 
the model correctly identified 184 cases and 16 controls. However, the low precision and 
recall for the negative class suggest challenges in accurately predicting controls. 

4.5.5. ROC AUC Score 

The model achieved a ROC AUC score of 0.61, as reported in the classification metrics. 

This score indicates a modest ability of the model to discriminate between cases and 

controls, highlighting areas for potential improvement, such as addressing class imbalance 

or incorporating additional predictive features.  

 

4.6. Summary of Simulation Analyses 

The simulation analyses across various statistical methodologies consistently identified 
analgesic use as a significant risk factor for cryptogenic cirrhosis. The Case-Control Study 
revealed a strong association with an OR of approximately 4, while the Cohort Study corrob-
orated this finding through survival analysis, demonstrating increased hazard among analgesic 
users. Although the GWAS did not identify any genome-wide significant SNPs in this simu-
lation, the Meta-Analysis provided pooled estimates supporting the association between an-
algesic use and cryptogenic cirrhosis. While achieving high accuracy for the positive class, the 
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Machine Learning approach indicated the necessity for model refinement to improve overall 
predictive performance. 

5. Discussion 
The case documented in [5] highlights DILI as a possible contributor in patients with 

chronic analgesic use. NAFLD and NASH, though undetected in this patient, are frequent 
underlying causes in cryptogenic cirrhosis cases and should be screened in similar patients. 
Statistical analyses through case-control studies, cohort studies, and advanced genetic analysis 
can help uncover associations and etiological factors.  

Although the present study relies entirely on simulated data, each methodological com-
ponent is motivated by its potential applicability to real-world settings. Case–control and co-
hort designs could be applied to multicenter registries of cryptogenic cirrhosis patients, 
GWAS analyses could be undertaken in adequately powered consortia, and predictive models 
could assist in prioritizing exposures or metabolic factors for further clinical evaluation in 
patients similar to the motivating case. 

The simulation analyses illustrate how a multifactorial disease, such as cryptogenic cir-
rhosis, could be statistically interrogated, with analgesic exposure specified in the data-gener-
ating mechanism as a prominent risk factor. The significant association identified in the Case-
Control Study and the corroborative findings from the Cohort Study emphasize the potential 
hepatotoxic impact of prolonged analgesic use, particularly acetaminophen. Despite the 
GWAS not identifying significant genetic associations in this simulation, the Meta-Analysis 
reinforced the observed epidemiological trends. The Machine Learning model highlighted the 
predictive value of analgesic use, albeit with limitations in classifying controls accurately.  

These findings align with existing literature that implicates drug-induced liver injury 
(DILI) as a critical contributor to chronic liver disease progression, see, for example, [28], 
[29]. The absence of significant genetic associations in the GWAS may be attributable to the 
limited power of the simulation or the need for larger sample sizes to detect subtle genetic 
effects. Future studies should consider integrating multi-omics data and enhancing model 
architectures to capture complex interactions between genetic, environmental, and clinical 
factors. 

Future Research Directions 

 
1. Enhanced Diagnostic Panels: Comprehensive drug use history, advanced viral 

and autoimmune testing, and genetic screening may improve diagnostic accu-
racy.  

2. Longitudinal and Multicenter Studies: Longitudinal follow-ups and multicenter 
collaborations could elucidate the natural history and temporal relationships of 
risk factors.  

3. Integration of Multi-Omics: Combining genomic, proteomic, and microbiome 
data could reveal multifactorial causes. 

4. Development of Predictive Models: Predictive models incorporating environ-
mental, genetic, and clinical data could support risk stratification and early in-
tervention. 
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6. Conclusion 
Cryptogenic cirrhosis remains a complex diagnostic entity with heterogeneous and often 

overlapping potential causes. This study proposes a unified statistical and epidemiological 
framework designed to illustrate how diverse analytical tools—ranging from classical study 
designs to modern machine learning—can be integrated to generate testable etiologic hypoth-
eses. Using fully simulated data, the analyses demonstrate how long-term analgesic exposure 
could be evaluated as a potential risk factor within such a framework, while also highlighting 
limitations related to sample size, class imbalance, and statistical power. Importantly, the re-
sults presented here are illustrative rather than confirmatory and are not intended to establish 
causal relationships in real patients. Future work applying this framework to large, well-char-
acterized clinical cohorts and registries will be essential to validate findings and translate them 
into actionable clinical insights. 

Code Availability 
The source code for the simulation analyses is available in the GitHub repository, in-

cluding Python Notebooks with detailed implementations of the methods discussed in this 
study. The code repository can be accessed at the following URL: https://github.com/de-
bashisdotchatterjee/Cryptogenic-Cirrhosis-Statistical-Analysis 
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