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Abstract: The COVID-19 pandemic has underscored the variability in immune responses and 
symptom presentations due to SARS-CoV-2, with Immunoglobulin G (IgG) levels critical for 
long-term immunity. This study explores the relationship between IgG levels and COVID-19 
symptoms using association rule mining (ARM) to address a research gap. A cross-sectional 
study was conducted during the third wave of COVID-19 in western Iran, enrolling 237 RT-PCR-
confirmed patients, excluding those with autoimmune conditions or recent infections. Data 
on demographics, IgG levels (measured via ELISA), and symptoms (e.g., fever, cough, loss of 
smell) were analyzed using the ORANGE software for machine learning with the Apriori 
algorithm, applying 90% confidence, 0.001 support, and lift > 1 thresholds. Significant 
associations emerged: low IgG levels correlated with milder symptoms (e.g., absence of cough, 
tiredness), moderate IgG with intermediate symptoms (e.g., loss of smell without fever), and 
high IgG with severe clusters (e.g., fever, cough). Younger females (20-40 years) and blood 
group A were linked to higher IgG, while older patients (>65 years) with blood group O and 
Rh-negative status showed lower IgG. Confidence reached 100%, with lift values up to 3.607. 
These findings enhance understanding of immune response dynamics, offering insights for 
personalized diagnostics, treatment, and long COVID management. ARM application 
highlights its potential for diagnostic modeling in infectious diseases, improving public health 
preparedness. 
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1. Introduction 

In The COVID-19 pandemic has resulted in an increase in the rate of hospitalizations due to 
pneumonia and multisystem organ failure caused by the SARS-CoV-2 virus (Park, 2020). The clinical 
presentation of COVID-19 varies widely, ranging from asymptomatic cases to severe manifestations, 
including respiratory distress and death (Alimohamadi et al., 2020; Silva et al., 2020). Common 
symptoms reported by patients include fever, persistent dry cough, and shortness of breath, with 
severity often escalating in critical cases (Altuna et al., 2021; Sobhani et al., 2021). The immune 
response to SARS-CoV-2 is mediated by Immunoglobulin M (IgM), which appears early in infection, 
and Immunoglobulin G (IgG), which provides long-term immunity by neutralizing the virus and 
facilitating immune recognition (Abril et al., 2024; Jia et al., 2021). Whether IgG or IgM are important 
in diagnosis depends on when they are tested and when the relevant infection occurred. Testing for 
IgM early in an infection timeline is more valuable in terms of current or recently as a part of the total 
infection process; and testing for IgG is more informative for distinct past infections or immunity 
information (Bastos et al., 2020). Recent studies have demonstrated that IgG levels may fluctuate 
dynamically across patient demographics and disease stages, underscoring the need for advanced 
analytical methods to decode these patterns (Xu et al., 2024). Additionally, IgG is being explored as 
a biomarker for prolonged immune activation, which could be crucial for post-acute care 
management (Vojdani et al., 2024). Assessing the link between IgG levels and COVID-19 symptoms 
have three important reasons to undertake this analysis. First, it might shed light on the immune 
response dynamics to SARS-CoV-2, or the body’s response to the virus. In fact, high IgG levels 
correlate with more severe disease and robust immune response. Such details can help predict 
severity and patient outcomes (de Oliveira et al., 2024; Marklund et al., 2020). Second, determining 
which symptoms were specifically associated with high IgG levels, could inform future treatment and 
vaccine plans. Fever, body aches, and low appetite might suggest more substantial IgG levels, which 
indicates the symptoms acted as a marker for a strong immune response (Amjadi et al., 2021). Lastly, 
understanding the connection and relationship between IgG levels and symptoms might improve 
diagnostics and management for long COVID, as persistent symptoms might correlate with IgG 
(Binswanger et al., 2024). Such knowledge is vital both for public health practice and for improving 
the acute care of patients. Despite these advancements, the application of computational methods 
to investigate the specific relationship between IgG levels and the varied symptom profiles of COVID-
19 remain largely unexplored. Traditional analyses often focus on individual symptoms or broad 
immune markers, missing nuanced interactions. Association rule mining (ARM), a data mining 
technique, has emerged as a powerful tool for uncovering hidden patterns in healthcare data 
(Lakshmi & Vadivu, 2017), with applications in identifying symptom clusters in COVID-19 (Ye et al., 
2024) and enhancing predictive modeling (AbdulLateef et al., 2024). Previous studies have 
successfully used ARM to reveal prevalent symptom combinations, yet few have integrated IgG levels 
as a key variable (Dehghani & Yazdanparast, 2023; Singh et al., 2023). However, as highlighted in a 
recent review, artificial intelligence offers transformative potential in infectious disease diagnosis 
and prognosis. AI algorithms can analyze diverse datasets, including clinical symptoms and laboratory 
results, to significantly enhance early detection and personalized treatment strategies (Hormaty et 
al., 2025). AI-driven models improve diagnostic accuracy and predict patient outcomes, addressing 
challenges in traditional methods, such as delayed detection and limited accuracy (Hudu et al., 2025). 
Integrating AI with techniques like ARM could provide a more nuanced understanding of the 
relationship between IgG levels and COVID-19 symptoms, potentially revealing patterns that 
traditional methods might miss. This study addresses this gap by leveraging ARM to uncover novel 
IgG-symptom associations, offering insights into immune response dynamics and their clinical 
implications. Specifically, it demonstrates ARM’s potential for predictive modeling in infectious 
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diseases, enhances diagnostic frameworks for disease severity and long COVID management, and 
provides guidance for personalized treatment strategies and being prepared for future pandemics. 
Therefore, this study leverages ARM to investigate the dependencies between IgG levels and COVID-
19 symptoms, aiming to provide actionable insights for clinical management, long COVID strategies, 
and being prepared for future pandemics. 

 
2. Related Works 

Research on COVID-19 has leveraged data-driven techniques to explore symptom patterns, immune 
responses, and resource management, providing a foundation for understanding the disease’s 
complexity. This section reviews relevant studies, focusing on their methodologies and findings, to 
highlight the gap addressed by the current research. Several studies have employed ARM to uncover 
symptom patterns in COVID-19. Tandan et al. analyzed the Wolfram Data Repository, identifying 
fever, cough, pneumonia, sore throat, and respiratory difficulties as prevalent symptoms, revealing 
common symptom clusters (Tandan et al., 2021). Similarly, Singh et al. used ARM on GitHub Data 
Repository data, finding that fever, cough, and malaise/body pain frequently co-occurred, aiding in 
early diagnosis and patient management (Singh et al., 2023). Matharaarachchi et al. applied ARM to 
Twitter data, uncovering brain fog, fatigue, lung problems, heart issues, depression, and general 
pains as key symptoms, particularly linked to long COVID, demonstrating the value of social media 
for symptom trend analysis (Matharaarachchi et al., 2022). Sogandi combined ARM with supervised 
machine learning on 3,490 Kaggle patient records, identifying symptom clusters like fever, cough, 
and fatigue, and showing how hybrid methods can enhance diagnostic accuracy (Sogandi, 2024). 
These studies demonstrate ARM’s effectiveness in identifying symptom relationships but largely 
overlook the role of immune markers like IgG. Other research has focused on immune markers, 
including IgG, to predict COVID-19 outcomes. Zhuang et al. developed a predictive algorithm for 
severe COVID-19 in the elderly using IgG subtypes and clinical features, with logistic regression 
outperforming XGBoost for early risk identification (Zhuang et al., 2023). Alathari et al. proposed a 
hybrid deep learning model combining convolutional neural networks and bi-directional long short-
term memory) to detect IgG antibodies, achieving 89% accuracy and highlighting its potential for 
diagnostic applications (Alathari et al., 2024). Khudhur et al. used machine learning to predict 
infection timing based on IgG and IgM levels, achieving 80–100% accuracy, underscoring the 
diagnostic value of antibody profiles (Khudhur & Khudhur, 2022). Sun et al. introduced the NEAR 
model (Neutrophil, Eosinophil, and IgA Ratio), which achieved an AUC of 0.961 for predicting COVID-
19 severity, aiding timely interventions (Sun et al., 2021). Elkin et al. employed XGBoost to predict 
COVID-19 test outcomes using IgG, IgM, IgA levels, and demographic data from 2,467 donors, 
achieving 76.85% accuracy and an AUC of 81.4%, demonstrating the utility of immune markers in 
screening (Elkin & Zhu, 2022). Kurano et al. applied the Apriori algorithm to a Kaggle dataset, 
combining supervised and unsupervised methods to identify symptom patterns, reinforcing ARM’s 
role in improving diagnostic accuracy (Kurano et al., 2022). While these studies highlight the 
importance of IgG and other immune markers, they primarily focus on severity prediction or antibody 
detection, not symptom associations. Beyond symptom and immune analysis, some studies have 
explored broader applications. Riazi et al. used K-means clustering to analyze immunoglobulin (Ig) 
utilization patterns among 4,112 recipients, identifying six patient clusters with distinct usage 
characteristics (e.g., Cluster 1 accounted for 62.2% of Ig use), offering insights for resource allocation 
during shortages (Riazi et al., 2023).  
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This work underscores the potential of machine learning to optimize healthcare logistics, though it 
does not directly address clinical manifestations like symptoms or immune responses. While existing 
studies have advanced our understanding of COVID-19 through ARM and machine learning, a notable 
gap remains in exploring the specific association between IgG levels and symptom profiles. Symptom-
focused studies using ARM (Sogandi, 2024; Dehghani & Yazdanparast, 2023; Singh et al., 2023; 
Matharaarachchi et al., 2022; Tandan et al., 2021) provide valuable insights into clinical presentations 
but rarely incorporate immune markers, while immune-focused studies (Alathari et al., 2024; Zhuang 
et al., 2023; Elkin & Zhu, 2022; Khudhur & Khudhur, 2022; Kurano et al., 2022; Sun et al., 2021) 
prioritize severity prediction over symptom relationships. This lack of integration limits the ability to 
understand how IgG levels correlate with diverse symptom presentations, a critical factor for 
diagnostics, treatment personalization, and long COVID management. Motivated by this gap, the 
current study employs ARM to uncover hidden associations between IgG levels and COVID-19 
symptoms, aiming to enhance patient management and inform public health strategies. Table 1 
summarizes the key elements of the reviewed studies. 
 
3. Methodology and Data Sets 
3.1. Problem Formulation and Data Collection 

Let 𝐷 = {𝑥௜}௜ୀଵே be the dataset of N=237 identified patient records. Each record 𝑥௜ contains 
demographic attributes (age, sex, blood group, Rh), binary symptom indicators (fever, cough, body 
pain, tiredness, loss of smell, loss of taste, lung involvement on CT), and a serological measure of IgG. 
The primary, exploratory objective is to discover interpretable association rules of the form 𝑋 →
𝑌that relate itemsets 𝑋(combinations of symptoms and demographic attributes) to IgG categories 
𝑌 ∈ {Low, Moderate, High}. ARM (association rule mining) is used for hypothesis generation (to 
surface subgroup patterns) rather than for building a predictive production model. This cross-
sectional study was conducted in western Iran during the third COVID-19 wave (July–September 
2021). The dataset analyzed here derives from a prior IRB-approved project; ethical approval for the 
original data collection and secondary analyses was granted by the Kurdistan University of Medical 
Sciences Ethics Committee, Sanandaj, Iran (Approval No. IR.MUK.REC.1399.313) (Ghaderi et al., 
2024). All participants in the original study provided informed consent; data used here were 
anonymized prior to analysis. Inclusion criteria: symptomatic patients with RT-PCR confirmed SARS-
CoV-2 infection (nasal/pharyngeal swab). Exclusion criteria: negative RT-PCR, autoimmune disease, 
or documented non-COVID infection within the previous three months. After applying 
inclusion/exclusion criteria the final dataset included N = 237 patients. 

 
3.2. Serological Testing 

With informed consent, 3 mL of peripheral blood was drawn from each patient into serum separator 
tubes (SSTs). Anti-COVID-19 IgG levels were measured using a commercial enzyme-linked 
immunosorbent assay (ELISA) kit (GenScript SARS-CoV-2 Spike IgG ELISA kit manufactured by 
GenScript Biotech Corporation, China, Catalog No. L00844). An indirect ELISA was performed 
according to the manufacturer’s instructions to detect SARS-CoV-2 anti-S IgG antibodies. Briefly, 96-
well ELISA plates pre-coated with purified SARS-CoV-2 antigens were used. After adding 10 µL of 
serum to each well, the plates were incubated at 37°C for 30 minutes. Following a series of washes, 
horseradish peroxidase-labeled anti-human IgG antibody was added, and incubation continued for 
20 minutes. The reaction was stopped, and optical densities were measured at 450 nm. A cutoff value 
for positivity was calculated as the mean absorbance of negative control samples (obtained from pre-
pandemic sera) plus two standard deviations. IgG positivity was determined according to the 
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manufacturer’s guideline, using the cutoff formula: mean OD of negative control wells + 0.1, which 
aligns with GenScript’s recommended procedure for distinguishing non-reactive from reactive 
samples in SARS-CoV-2 ELISA assays. IgG levels were categorized into low, moderate, and high based 
on tertiles of the optical density distribution: low (<0.5), moderate (0.5–1.0), and high (>1.0).  

 
3.3. Data Management and Analysis 

The ORANGE data mining toolkit was employed for data preprocessing, analysis, and ARM (Demšar 
et al., 2013). ORANGE’s visual programming interface facilitated efficient data management without 
requiring extensive coding expertise. The toolkit was used to process raw patient data from medical 
records and serological tests. Data cleaning was performed using ORANGE’s preprocessing tools. 
Missing values were imputed using the mean for numerical variables (e.g., IgG levels) and the mode 
for categorical variables (e.g., symptoms), while outliers were identified and removed using the 
interquartile range (IQR) method (values beyond 1.5 × IQR). This ensured the dataset was consistent 
and suitable for analysis. The dataset comprised demographic and clinical features, including age, 
sex, IgG levels, Rh factor, blood groups, and symptoms such as fever, cough, body pain, tiredness, 
loss of smell and taste, and lung involvement (assessed via CT). Age was categorized into three groups 
(20–40, 40–65, >65 years) based on clinical relevance, and IgG levels were categorized as low, 
moderate, and high (as described in Section 3.2) to facilitate ARM analysis. Sample size was chosen 
to achieve 80% power at α = 0.05 to detect medium-sized associations between categorized IgG levels 
and symptom clusters. Sample size estimation was performed using G*Power v3.1 (Faul et al., 2007). 
The calculation parameters were: test family= χ² tests; statistical test=contingency tables (goodness-
of-fit / independence); effect size w = 0.20 (Cohen’s small–medium), α= .05, power (1–β)=0.80, 
degrees of freedom=2 (three IgG categories). Under these parameters G*Power estimates a required 
total sample of N ≈ 219. We enrolled N=237 patients, which exceeds the calculated requirement and 
thus provides the planned power for detection of the specified effect size. Association rule mining 
was conducted using ORANGE’s ARM functionality (Orange software, version 3.38.1), which 
implements the Apriori algorithm. This analysis identified significant patterns and correlations 
between categorized IgG levels and symptoms, providing insights into the relationship between 
immune response and clinical presentation in COVID-19 patients. By incorporating both demographic 
and clinical data, the analysis enabled a comprehensive exploration of symptom clusters and their 
dependence on IgG levels. 
 
3.4. Association Rule Mining (ARM) 

ARM identifies patterns of frequently occurring items or events within a dataset, including 
relationships between them (Zhang & Zhang, 2002). These patterns reveal combinations of items or 
events that often occur together. In healthcare, this can be useful for understanding how diseases 
are linked, such as the connection between diabetes and hypertension. Association rules are 
expressed as "X → Y," where X and Y are distinct sets of symptoms or diseases (X does not overlap 
with Y). X is the antecedent (the "if" part) and Y is the consequent (the "then" part). The effectiveness 
of discovered rules is evaluated using support, confidence, and lift. 

 
Support: measures how frequently a rule occurs in the dataset.   
Support (X → Y) = P(X ∩ Y) 

• P(X ∩ Y): Probability of both X and Y occurring. 
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Confidence:  indicates how often Y appears in individuals who have X.  
Confidence (X → Y) = P(Y | X) = P(X ∩ Y) / P(X) 

• P(Y | X): Probability of Y given X. 
Lift: determines how often Y appears when X appears, considering the overall frequency of Y. 
Lift (X → Y) = P(Y | X) / P(Y) 

• X is the antecedent (the "if" part of the rule). 
• Y is the consequent (the "then" part of the rule). 

A lift value of 1 suggests no correlation, greater than 1 indicates a positive relationship, and less than 
1 indicates a negative relationship. One limitation of the confidence measure is that it can 
overestimate the importance of an association if the consequent (Y) is very common. Lift addresses 
this by considering the overall frequency of Y. For example, in our study, a rule such as "High IgG, 
Fever → Cough" might have a support of 15% (15% of patients exhibit this combination), a confidence 
of 80% (80% of patients with high IgG and fever also have a cough), and a lift of 2.5 (the likelihood of 
cough is 2.5 times higher in patients with high IgG and fever compared to the general population). 
The ARM algorithm was applied to identify frequent item sets meeting user-defined thresholds. A 
confidence threshold of 0.9 (90%) was chosen to ensure high reliability of the rules, a minimum 
support threshold of 0.001 was set to capture even rare but meaningful patterns given the dataset 
size, and a lift > 1 was required to focus on positively correlated rules (Mutter et al., 2004). The Apriori 
algorithm in ORANGE iteratively generated frequent item sets by first identifying single items meeting 
the support threshold, then combining them into larger sets, and finally deriving rules that met the 
confidence and lift criteria (Zakur & Flaih, 2023). Only the top 10 rules with the highest support scores 
are presented to highlight the most frequent and impactful associations. This approach enabled the 
identification of patterns between categorized IgG levels (low, moderate, high) and symptoms, 
providing insights into immune response dynamics in COVID-19. Figure 2 illustrated ARM Process for 
exploring IgG-symptom associations in COVID-19. This flowchart outlines the methodology to 
uncover associations between IgG levels and symptoms in 237 RT-PCR-confirmed COVID-19 patients. 
The process starts with a dataset including demographics, IgG levels (via ELISA), and symptoms. Data 
preprocessing cleans the data (e.g., imputing missing values) and categorizes IgG into low, moderate, 
and high tertiles. The Apriori algorithm, applied via the ORANGE toolkit with support ≥ 0.001, 
confidence ≥ 90%, and lift > 1, generates association rules. Results include rules like “If Cough=Yes 
and Fever=Yes, then IgG=High” (Support: 0.004, Confidence: 1.000, Lift: 2.788), linking symptoms to 
IgG levels. Figure 1, demonstrates the overall workflow of the research. We selected a high 
confidence threshold (≥ 0.90) to emphasize rules that would be most trustworthy in a clinical context. 
This increases specificity of the reported rules at the expense of sensitivity (fewer, but more reliable 
rules). The minimum support threshold (0.001) was intentionally low to allow detection of rare but 
potentially meaningful patterns in a modest-sized dataset; however, low support increases the 
chance that a rule is idiosyncratic to the sample. Lift values > 1 were used to indicate positive 
association strength; we caution readers that high lift in combination with very low support (e.g., 
subgroup n = 10) may not generalize and should be interpreted as hypothesis-generating rather than 
confirmatory. 
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 Figure 1. Illustrated workflow of association rule mining process for  

exploring igg-symptom associations in COVID-19. 
 

4. Results 
4.1. Demographic Characteristics and Symptom Prevalence 

A total of 237 RT-PCR–confirmed COVID-19 patients were included in the analysis. The demographic, 
clinical, and serological characteristics of the cohort are summarized in Table 2. The median age was 
40 years (IQR 31–54), and the majority of participants were between 20 and 40 years old (65%). Males 
accounted for 61.6% of the cohort (n = 146). Blood group distribution showed that types A (35.4%) 
and O (32.1%) were most common, and 89% of participants were Rh-positive. Fever (77.2%), cough 
(66.7%), and tiredness (62.9%) were the most frequent symptoms reported. Loss of smell (45.6%) 
and loss of taste (43.9%) were also prominent. IgG levels showed substantial variability across 
individuals, with a mean 7.06 ± 5.88 and a median of 5.10 (IQR 2.40–9.90). Categorization of IgG into 
tertiles resulted in nearly equal distribution of low, moderate, and high IgG groups, supporting 
subsequent association rule mining analyses. 

 
4.2. IgG Levels and Statistical Associations 

The mean IgG level was 7.06 ± 5.88 units (confidence interval for the mean is 6.31- 7.81), ranging 
from 1.12 to 24.59 units. A Mann-Whitney U test revealed significantly higher IgG levels in males 
(mean = 7.82, SD ± 6.01) compared to females (mean = 5.92, SD ± 5.52; p = 0.004), indicating sex-
based differences in immune response. A chi-square test showed a significant association between 
higher IgG levels (categorized as moderate or high) and the presence of cough (p = 0.048), though 
this p-value was not adjusted for multiple comparisons. Figure 2 illustrates the distribution of IgG 
levels across blood groups and age groups, showing higher median IgG levels in the 40–65 age group 
(median = 8.12, IQR = 4.23–12.56) and among patients with blood group O (median = 7.45, IQR = 
3.89–11.32) compared to other groups. 
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Table 2. Demographic, clinical, and serological characteristics of the study population. 
Variable Category / Statistic Value 

Age (years) Mean ± SD 42.8 ± 14.7 
Median (IQR) 40 (31–54) 

Age < 20 n = 1 (0.4%) 
Age 20–40 n = 154 (65.0%) 
Age 40–65 n = 72 (30.4%) 
Age > 65 n = 10 (4.2%) 

Sex Male n = 146 (61.6%) 
Female n = 91 (38.4%) 

Blood group A n = 84 (35.4%) 
B n = 59 (24.9%) 

AB n = 18 (7.6%) 
O n = 76 (32.1%) 

Rh factor Rh-positive n = 211 (89.0%) 
Rh-negative n = 26 (11.0%) 

Common symptoms Fever 183 (77.2%) 
Cough 158 (66.7%) 

Tiredness 149 (62.9%) 
Body pain 127 (53.6%) 

Loss of smell 108 (45.6%) 
Loss of taste 104 (43.9%) 

Lung involvement (CT) 92 (38.8%) 
IgG Mean ± SD 7.06 ± 5.88 

Median (IQR) 5.10 (2.40–9.90) 
Range 0.35–32.7 

IgG category Low (<0.5) n = 78 (32.9%) 
Moderate (0.5–1.0) n = 79 (33.3%) 

High (>1.0) n = 80 (33.8%) 
 
 

 
Figure 2. IgG distribution by blood groups (a) and age groups (b). 
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4.3. Symptom Rules Across IgG Levels 

ARM was applied to evaluate the relationship between categorized IgG levels (low, moderate, high) 
and symptoms, revealing distinct patterns (Tables 3a–3c). Confidence values of 1.000 indicate that 
all patients meeting the antecedent criteria exhibited the consequent IgG level, while lift values > 1 
(e.g., 3.537) suggest a strong positive association, meaning the likelihood of the consequent is 3.537 
times higher than expected by chance. For patients with low IgG levels (Table 3a), rules consistently 
showed milder symptom profiles, such as the absence of cough combined with loss of smell and taste 
and tiredness (support=0.008, confidence=1.000, lift=3.537). This suggests that patients with these 
symptoms may have a diminished immune response, potentially impacting diagnostic sensitivity for 
active infection. Patients with moderate IgG levels (Table 3b) exhibited intermediate symptom 
patterns, with the highest lift for rules involving the absence of fever but presence of loss of smell 
and taste and body pain (support=0.004, confidence=1.000, lift=2.788). This indicates a mixed 
symptom profile, reflecting an intermediate immune response. High IgG levels (Table 3c) were 
associated with more severe symptom clusters, such as cough, fever, and loss of smell and taste 
(support=0.004, confidence=1.000, lift=2.788). For example, patients with fever and loss of smell and 
taste but without body pain showed a strong association with high IgG levels (support=0.013, 
confidence=0.750, lift=2.091), suggesting a robust immune response linked to diverse symptoms. 
These findings align with the statistical association between higher IgG levels and cough (p = 0.048), 
reinforcing the ARM results. Findings highlight the complex relationships between IgG levels and 
symptomatology in patients. Low IgG levels were consistently associated with milder or more specific 
symptom combinations, potentially indicating an impaired immune response. In contrast, higher IgG 
levels were linked to more diverse symptoms, reflecting the immune system's active role in 
combating infection. The clear distinctions between these groups, particularly in the consistent 
patterns observed for both low and high IgG levels, provide valuable insights for clinical management 
and patient monitoring.  
 

Table 3a. Top 5 rules for Low IgG levels. 
Antecedents (Symptoms) Consequent 

(IgG Level) 
Support Confidence Lift 

Cough=No, Loss of smell and taste=Yes, 
Tiredness=Yes 

Low 0.008 1.000 3.537 

Cough=No, Fever=Yes, Loss of smell and taste=Yes Low 0.008 1.000 3.537 
Fever=Yes, Loss of smell and taste=Yes, Body 

Pain=Yes 
Low 0.008 1.000 3.537 

Fever=Yes, Loss of smell and taste=Yes, 
Tiredness=No, Body Pain=No 

Low 0.008 1.000 3.537 

Cough=Yes, Fever=Yes, Loss of smell and taste=Yes Low 0.008 1.000 3.537 
 

4.4. Age-Specific Patterns 

ARM identified age-related patterns in symptom presentation and IgG levels (Table 4). The 20–40 
age group (n=154) was the most represented, showing diverse symptoms like cough, fever, and loss 
of smell, often with moderate to high IgG levels (e.g., Fever=Yes, Body Pain=No, IgG=Moderate; 
support=0.025, confidence=1.000, lift=1.55). The 40–65 age group (n=72) exhibited a mix of 
moderate and severe symptoms, with rules like Loss of smell=Yes, Body Pain=No, IgG=Moderate 
(support=0.004, confidence=1.000, lift = 3.29), indicating stronger associations (higher lift) compared 
to the 20–40 group. The >65 age group (n=10) had lower support values due to its small size, but 
rules suggested milder symptoms, such as Body Pain=No, Rh=Negative, Blood Group=B 
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(support=0.005, confidence=0.500, lift=13.75), with high lift values reflecting the rarity of this 
demographic. Notably, the <20 age group (n=1) had insufficient data for meaningful ARM analysis 
and is not included in Table 4. 

 

Table 3b. Top 5 rules for moderate IgG levels. 
Antecedents (Symptoms) Consequent 

(IgG Level) 
Support Confidence Lift 

Fever=No, Loss of smell and taste=Yes, Tiredness=No Moderate 0.004 1.000 2.788 
Cough=No, Fever=No, Loss of smell and taste=Yes, 

Body Pain=No 
Moderate 0.004 1.000 2.788 

Cough=Yes, Fever=Yes, Loss of smell and taste=No, 
Tiredness=No 

Moderate 0.004 1.000 2.788 

Cough=Yes, Fever=Yes, Tiredness=No, Body Pain=Yes Moderate 0.004 1.000 2.788 
Cough=No, Fever=No, Loss of smell and taste=Yes, 

Tiredness=No, Body Pain=No 
Moderate 0.004 1.000 2.788 

 

Table 3c. Top 5 rules for high IgG levels. 
Antecedents (Symptoms) Consequent 

(IgG Level) 
Support Confidence Lift 

Cough=Yes, Loss of smell and taste=Yes, 
Tiredness=Yes, Body Pain=No 

High 0.008 1.000 2.788 

Cough=No, Fever=Yes, Loss of smell and taste=Yes, 
Tiredness=No, Body Pain=No 

High 0.008 1.000 2.788 

Cough=Yes, Fever=Yes, Loss of smell and taste=Yes High 0.004 1.000 2.788 
Fever=Yes, Loss of smell and taste=Yes, Body Pain=No High 0.013 0.750 2.091 

Cough=Yes, Loss of smell and taste=Yes, 
Tiredness=Yes, Body Pain=Yes 

High 0.017 0.571 1.593 

 
Table 4. Rules for different age ranges. 

Antecedent Consequent Support Confidence Lift 
Cough=Yes, Tiredness=No, Blood Group=A Age 20–40 years 0.017 1.000 1.55 
Fever=Yes, Body Pain=No, IgG=Moderate Age 20–40 years 0.025 1.000 1.55 

Cough=Yes, Tiredness=No, IgG=High Age 20–40 years 0.013 1.000 1.55 
Fever=Yes, Loss of smell=Yes, Body Pain=No Age 20–40 years 0.021 1.000 1.55 

Cough=Yes, Fever=No, Loss of smell=Yes Age 20–40 years 0.017 1.000 1.55 
Cough=Yes, Body Pain=No, Blood Group=A Age 40–65 years 0.004 1.000 3.29 
Fever=No, Tiredness=Yes, Blood Group=B Age 40–65 years 0.004 1.000 3.29 

Loss of smell=Yes, Body Pain=No, IgG=Moderate Age 40–65 years 0.004 1.000 3.29 
Rh=Negative, Fever=No, Tiredness=Yes Age 40–65 years 0.004 1.000 3.29 

Sex=Male, Rh=Negative, Blood Group=O Age 40–65 years 0.004 1.000 3.29 
Body Pain=No, Rh=Negative, Blood Group=B Age >65 years 0.005 0.500 13.75 

Fever=No, Body Pain=No, Rh=Negative Age >65 years 0.005 0.333 9.17 
Loss of smell=No, Body Pain=No, IgG=Moderate Age >65 years 0.005 0.250 6.87 

Fever=No, IgG=Moderate, Rh=Negative Age >65 years 0.005 0.250 6.87 
Tiredness=No, IgG=Moderate, Blood Group=B Age >65 years 0.005 0.250 6.87 
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4.5. IgG Levels and Demographic Factors 

ARM identified patterns between IgG levels and demographic factors (Table 5). Key findings include 
a strong association between low IgG levels and females aged >65 years with blood group O (support= 
0.009, confidence=1.000, lift=3.607), suggesting a diminished immune response in this subgroup. 
Moderate IgG levels were strongly linked to Rh-negative patients with blood group A, particularly in 
the 20–45 age group (support=0.014, confidence=1.000, lift=2.821). High IgG levels were associated 
with Rh-negative patients with blood group O, especially males aged 20–45 years (support=0.009, 
confidence=1.000, lift=2.716). These patterns suggest that demographic factors like sex, age, and 
blood group may influence immune response, with females and younger patients more likely to 
exhibit higher IgG levels, consistent with the statistical finding of higher IgG in males (p = 0.004), 
which may reflect differences in symptom severity or exposure. 
 

Table 5. Rules for IgG levels and demographic factors. 
Antecedent Consequent Support Confidence Lift 

Female, Age >65 years IgG Categorized=Low 0.009 1.000 3.607 
Female, Rh-positive, Age >65 years IgG Categorized=Low 0.009 1.000 3.607 

Female, Blood Group=O, Age >65 years IgG Categorized=Low 0.009 1.000 3.607 
Female, Rh-positive, Blood Group=O IgG Categorized=Low 0.086 0.463 1.671 

Female, Blood Group=O IgG Categorized=Low 0.086 0.442 1.594 
Rh-negative, Blood Group=A IgG Categorized=Moderate 0.023 1.000 2.821 

Male, Rh-negative, Blood Group=A IgG Categorized=Moderate 0.014 1.000 2.821 
Female, Rh-negative, Blood Group=A IgG Categorized=Moderate 0.009 1.000 2.821 

Rh-negative, Blood Group=A, Age 20-45 years IgG Categorized=Moderate 0.014 1.000 2.821 
Female, Rh-negative, Age 45-65 years IgG Categorized=Moderate 0.009 1.000 2.821 

Rh-negative, Blood Group=O IgG Categorized=High 0.014 1.000 2.716 
Male, Rh-negative, Blood Group=O IgG Categorized=High 0.005 1.000 2.716 

Female, Rh-negative, Blood Group=O IgG Categorized=High 0.009 1.000 2.716 
Rh-negative, Blood Group=O, Age 20-45 years IgG Categorized=High 0.009 1.000 2.716 

Male, Rh-negative, Age 45-65 years IgG Categorized=High 0.009 1.000 2.716 
 
5. Discussion  

This study leveraged ARM to uncover novel associations between IgG levels and COVID-19 
symptoms, providing insights into immune response dynamics during the third wave of the pandemic 
in western Iran (July–September 2021). Our findings reveal distinct symptom profiles linked to low, 
moderate, and high IgG levels, with implications for diagnostics, treatment personalization, and 
public health strategies. These results build on prior ARM-based symptom analyses (Singh et al., 
2023; Matharaarachchi et al., 2022; Tandan et al., 2021) by integrating IgG as a key immunological 
variable, addressing a gap in understanding how antibody responses correlate with clinical 
presentations. Patients with low IgG levels exhibited milder symptom profiles, such as the absence 
of cough paired with loss of smell and taste or tiredness (confidence=1.000, lift=3.537). This suggests 
a potentially diminished immune response, which may reflect early-stage infection, immune 
suppression, or lower viral load—hypotheses warranting further investigation. Low IgG levels could 
also indicate a more efficient early viral clearance driven by innate immunity, as suggested by 
research indicating that a rapid innate response can limit viral replication and subsequent adaptive 
immune activation (Lucas et al., 2020). Conversely, high IgG levels were associated with severe 
symptom clusters, including fever, cough, and loss of smell (confidence=1.000, lift=2.788), aligning 
with prior evidence that robust IgG responses correlate with greater disease severity (de Oliveira et 



Biological Data 2026, 1(1), 1-19. 

13 

al., 2024; Marklund et al., 2020). This observation is consistent with studies demonstrating that 
excessive inflammation and immune dysregulation contribute to severe COVID-19, potentially driving 
higher IgG production as a consequence of prolonged antigen exposure (Fajgenbaum & June, 2020). 
Moderate IgG levels showed intermediate patterns, such as loss of smell without fever 
(confidence=1.000, lift=2.788), indicating a transitional immune state. These graded associations 
underscore IgG’s role as a biomarker for disease progression and severity, extending beyond its 
established function in long-term immunity (de Oliveira et al., 2024; Sołkiewicz et al., 2024; Ahmed 
et al., 2023). Demographic factors further modulated these patterns. Younger females (20–40 years) 
and those with blood group A exhibited higher IgG levels, consistent with statistical findings of sex-
based differences (p=0.004), while older patients (>65 years) with blood group O and Rh-negative 
status showed lower IgG. These trends align with studies suggesting age and blood group influence 
immune responses to SARS-CoV-2 ( Zhuang et al., 2023; Sun et al., 2021) though our ARM approach 
uniquely ties these factors to specific symptom clusters. Specifically, research suggests that estrogen 
may enhance humoral immunity, potentially explaining higher IgG levels in younger females (Klein & 
Flanagan, 2016). For instance, the strong association between low IgG and females >65 years with 
blood group O (lift=3.607) highlights a vulnerable subgroup that may require targeted monitoring or 
intervention. This finding resonates with studies indicating that older adults exhibit 
immunosenescence, characterized by a decline in immune function and responsiveness to 
vaccination (Nikolich-Žugich, 2018). Further, individuals with blood group O have a lower risk of 
coronavirus infection, a trend seen with SARS-CoV and confirmed in COVID-19, possibly due to the 
Spike protein’s poor binding to O antigens and anti-A antibody neutralization. Conversely, blood 
group A increases SARS-CoV-2 infection risk due to Spike-A antigen binding. However, ABO blood 
groups show no clear link to COVID-19 severity or outcomes, and no research has yet examined their 
role in long COVID (Franchini et al., 2024). Although males showed higher average IgG levels (p = 
0.004), several ARM rules linked high IgG to younger females. These results are not contradictory—
they simply reflect different types of analysis. The statistical test compares overall IgG averages 
between sexes, while ARM looks for specific combinations of symptoms and demographics that tend 
to appear together. It is possible that a few males with very high IgG increased the overall male mean, 
while certain symptom patterns were more common among females aged 20–40, placing them in 
the “high IgG” tertile used for ARM. Differences in group sizes, the use of IgG tertiles instead of 
continuous values, and confounding factors such as symptoms or blood group may also contribute. 
Because of this, ARM findings should be viewed as subgroup signals rather than population-wide 
effects. Future work using multivariable models and sex-stratified ARM will help clarify these 
relationships. Compared to prior ARM studies, our work advances the field by integrating immune 
markers with symptom data (Singh et al., 2023; Tandan et al., 2021). identified prevalent symptom 
combinations (e.g., fever, cough, malaise), but lacked immunological context. Similarly, 
Matharaarachchi et al. linked ARM to long COVID symptoms via social media, yet did not explore 
antibody levels. Our study bridges this gap, demonstrating ARM’s utility in decoding complex IgG–
symptom interactions. The high confidence (up to 100%) underscores the reliability of these findings 
(Alathari et al., 2024; Khudhur & Khudhur, 2022). It is important to note that while high confidence 
values indicate strong associations within our dataset, they may also reflect the homogeneity of our 
study population or the specific parameter settings used in the ARM analysis. Therefore, these 
findings should be interpreted cautiously and validated in other cohorts. Some of the ARM rules in 
our study showed a confidence of 1.000, which indicates that all patients who exhibited the 
antecedent symptoms also fell into the corresponding IgG category within our dataset. While this 
appears strong statistically, perfect confidence often arises in small or highly specific subgroups, 
making such rules more sensitive to sampling variation than true biological certainty. Similarly, lift 
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values greater than 1 suggest a positive association, but lift can be artificially inflated when support 
is low, as seen in older age groups with limited sample sizes. Thus, rules with high confidence but low 
support should be interpreted as preliminary signals rather than robust clinical patterns. Additionally, 
because this study is cross-sectional, the relationships identified represent correlations only; we 
cannot infer whether particular symptoms cause changes in IgG levels or vice versa. Longitudinal 
follow-up would be required to confirm the temporal and causal nature of these associations. 
Clinically, these findings have several implications. First, symptom-IgG patterns could enhance 
diagnostic frameworks by identifying patients at risk of severe outcomes (high IgG) versus those with 
milder disease (low IgG), complementing RT-PCR and imaging. Second, the association of high IgG 
with severe symptoms like fever and cough could guide treatment strategies, such as prioritizing anti-
inflammatory therapies in these patients. Third, demographic insights—e.g., higher IgG in younger 
females—may inform risk stratification and vaccination prioritization, particularly in resource-limited 
settings like western Iran during the third wave. Specifically, in resource-constrained settings, these 
ARM-derived rules could be incorporated into simple clinical decision support tools to aid in risk 
stratification and resource allocation. A key strength of this study is the use of ARM, which produces 
clear and understandable patterns that clinicians and public health teams can easily interpret. Unlike 
more advanced approaches such as deep learning or ensemble models—which often act as “black 
boxes”—ARM generates simple, transparent rules (for example, “cough and fever → high IgG”) that 
make the relationships in the data immediately visible. This level of interpretability is especially 
important in settings where computational resources are limited, dataset sizes are modest, or rapid, 
intuitive decision support is needed. ARM also works well with the mix of categorical and clinical 
variables in our dataset and can capture multi-symptom patterns without complex modeling 
assumptions or training procedures. Beyond the choice of method, the study benefits from 
standardized IgG testing, an a priori power calculation, and careful preprocessing, including stability 
and sensitivity checks, all of which help increase confidence in the patterns we identified. This study 
has several important limitations. First, the cross-sectional design captures a single time point per 
patient, so we can report associations but cannot establish temporality or causation. Second, 
subgroup sizes were unequal and in some cases very small (age > 65: n=10; age < 20: n=1), which 
reduces statistical power and can make ARM results unstable. In particular, rules based on tiny 
subgroups may show confidence=1.000 simply because every person in that subgroup shares the 
pattern; likewise, lift can be inflated when support is low. Such rules should therefore be treated as 
preliminary, hypothesis-generating signals rather than conclusive findings. Third, p-values reported 
in this manuscript (for example, the chi-square result linking cough to higher IgG, p=0.048) are 
unadjusted for multiple comparisons, increasing the risk of false positives; future confirmatory 
analyses should apply corrections such as Bonferroni or Benjamini–Hochberg. Fourth, although we 
reported the ELISA kit and cutoff method, assay differences between laboratories may limit direct 
comparisons with other studies. Finally, our sample was drawn from a single region (western Iran) 
during a specific pandemic wave, and we did not account for all potential confounders (e.g., 
comorbidities, medication use). Future work should use larger, multi-site and longitudinal cohorts, 
perform multivariable adjustment and stratified ARM (e.g., by sex), and apply multiple-comparison 
corrections to validate these findings. In addition, although ARM offers clear advantages in terms of 
transparency and ease of interpretation, it also has methodological limitations. ARM is well suited 
for exploratory work and for generating simple, clinically understandable rules, but it is not designed 
to optimize predictive accuracy in the same way as more advanced machine-learning methods (such 
as random forests, gradient boosting, or deep learning). These models can capture complex nonlinear 
interactions and often perform better in large, diverse datasets; however, they typically require 
substantially more data, involve iterative training with tuning procedures, and produce outputs that 
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are less intuitive without additional explainability tools. Given the modest sample size and the 
exploratory aims of the present study, ARM allowed us to prioritize interpretability and minimize 
overfitting. Nonetheless, future work—especially with larger or longitudinal datasets—should 
complement ARM with multivariable modeling and modern machine-learning approaches to 
evaluate whether more complex models can improve prediction while maintaining clinical 
interpretability. Future research should translate these ARM findings toward practical applications 
and stronger evidence. First, prospective, longitudinal cohorts with repeated symptom and antibody 
measurements would clarify temporal relationships and help identify patterns associated with long 
COVID. Adding other immune markers (e.g., IgM, neutralizing antibodies, cytokine profiles) and viral 
load measures would enrich the feature space and likely improve rule stability and predictive value. 
We also recommend validating the discovered rules in larger, multi-site cohorts that include diverse 
demographics and viral variants (e.g., Delta, Omicron) to assess generalizability. From a translational 
perspective, ARM-derived rules could be combined with clinical variables in a simple decision-support 
prototype (for example, an EHR-integrated checklist or scoring tool) to triage patients or flag those 
at risk for severe disease or prolonged symptoms — subject, of course, to rigorous external validation 
and usability testing. Finally, exploring complementary modeling approaches (Bayesian networks, 
decision trees, or ensemble methods) and making the code and de-identified data available will help 
refine the models and facilitate reproducibility and clinical adoption. 

 
6. Conclusion 

In conclusion, this study successfully applied ARM to reveal significant associations between IgG 
levels and COVID-19 symptoms. The analysis of data from 237 patients during the third wave in 
western Iran highlighted distinct symptom profiles corresponding to low, moderate, and high IgG 
levels.  Patients with low IgG levels typically presented milder symptoms, such as the absence of 
cough combined with loss of smell and taste, suggesting a potentially diminished immune response 
in this group.  Conversely, high IgG levels were associated with more severe symptom clusters, 
including fever, cough, and loss of smell, indicative of a robust immune response often linked to 
greater disease severity.  Moderate IgG levels were characterized by intermediate symptom patterns, 
reflecting a transitional state in the immune response. Furthermore, the study identified 
demographic factors influencing IgG levels and symptom presentation. Younger females (20–40 
years) and individuals with blood group A tended to exhibit higher IgG levels, while older patients 
(>65 years) with blood group O and Rh-negative status showed lower IgG levels. These findings 
underscore the complex interplay between immune response, symptom manifestation, and patient 
demographics in COVID-19. The application of ARM proved instrumental in uncovering these 
nuanced associations, demonstrating its potential for enhancing diagnostic frameworks, guiding 
personalized treatment strategies, and improving public health preparedness.   While acknowledging 
limitations such as sample size disparities across age groups and the cross-sectional study design, this 
research contributes valuable insights to the understanding of COVID-19 immune dynamics.  Future 
studies should aim to validate these findings in more diverse populations and explore the longitudinal 
relationship between IgG levels and long COVID symptoms. Besides, from the computational view, 
exploring advanced variations, like integrating Apriori with other algorithms or constraint-based 
mining, can uncover deeper insights. Post-mining analysis, including rule pruning and clustering, 
simplifies interpretation, and tools for visualization, like graphs or heatmaps, help to present patterns 
effectively. For scalability, leveraging parallel or distributed systems improves efficiency when 
dealing with large datasets, ensuring both performance and practical impact. 
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