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 Abstract 
Inherited disorders present substantial challenges for accurate diagnosis and 
individualized risk assessment, particularly in genetically diverse and highly 
consanguineous populations. This study examined an explainable multi-omics 
artificial intelligence (AI) framework for precision risk stratification of inherited 
disorders among Pakistani families. A quantitative predictive design was 
employed using integrated genomic, transcriptomic, proteomic, metabolomic, 
familial, and clinical indicators. Multiple machine-learning algorithms were 
compared using accuracy, precision, recall, F1-score, and area under the receiver 
operating characteristic curve (AUC), while SHAP-based explainable AI was 
applied to identify the principal contributors to individual risk predictions. The 
analysis indicated that Gradient Boosting achieved the strongest predictive 
performance (accuracy = 87.6%; AUC = .94), compared with genomic 
information alone (accuracy = 78.9%; AUC = .83). Integration of clinical and 
multi-omics information increased the AUC from .83 to .94. Pathogenic genomic 
variants, multi-omics risk scores, clinical phenotype severity, family history, and 
consanguinity emerged as major predictive features. The findings suggest that 
integrating heterogeneous molecular and clinical information with explainable AI 
can provide a more comprehensive and interpretable approach to inherited-
disorder risk stratification. The framework may support precision diagnosis, 
genetic counselling, family screening, and individualized clinical decision-making 
in Pakistan. However, the reported numerical results require validation using real-
world, longitudinal, and independently collected Pakistani datasets. 
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INTRODUCTION 
Inherited disorders represent a major challenge for 
precision healthcare because their clinical 
manifestations are often heterogeneous, 
genetically complex, and difficult to distinguish 
using phenotype-based assessment alone. 
Advances in next-generation sequencing have 
substantially improved the identification of 
pathogenic variants, while multi-omics approaches 
increasingly enable integration of genomic, 
transcriptomic, proteomic, metabolomic, and 

clinical information to characterize disease 
mechanisms at multiple biological levels (Hong et 
al., 2024; Mani et al., 2025). However, translating 
high-dimensional molecular data into clinically 
interpretable risk estimates remains a major 
challenge. 
Artificial intelligence (AI) and machine-learning 
techniques provide opportunities to integrate 
heterogeneous biological datasets, identify 
nonlinear relationships, detect molecular patterns, 
and support individualized disease-risk prediction. 
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Recent research indicates that machine learning is 
increasingly being incorporated into genome-
based precision medicine for rare genetic 
disorders, particularly for disease classification, 
variant prioritization, biomarker discovery, and 
individualized risk assessment (Advancing 
genome-based precision medicine, 2025). Multi-
omics integration can further improve biological 
characterization because individual omics layers 
capture different aspects of disease processes that 
cannot be fully represented by genomic 
information alone. 
Pakistan provides an important context for 
investigating inherited disorders because 
consanguineous families and extensive genetic 
diversity create both a substantial clinical burden 
and valuable opportunities for identifying 
recessive disease variants. Recent genomic studies 
involving Pakistani families have identified 
pathogenic, likely pathogenic, and previously 
unreported variants associated with 
neurodevelopmental, neuromuscular, retinal, 
skeletal, and reproductive disorders (Bibi et al., 
2024; Basharat et al., 2024; Kakar et al., 2024; 
Aleem et al., 2025). A systematic review of 
hereditary neurological disorders in Pakistan 
further reported a predominance of homozygous 
causative variants, highlighting the importance of 
genomic investigation in affected families (2025). 
Despite these advances, genetic diagnosis in 
Pakistan remains constrained by limited access to 
advanced genomic testing, fragmented clinical and 
molecular information, inadequate population-
specific reference data, and limited integration of 
genomic information with other biological and 
clinical datasets. Recent evidence from Pakistani 
families demonstrates that whole-exome and 
whole-genome sequencing can substantially 
improve diagnostic yield, including in families 
with previously undiagnosed disorders (Bibi et al., 
2024; Basharat et al., 2024; Aleem et al., 2025). 
Nevertheless, sequencing-based diagnosis 
primarily identifies candidate variants; translating 
these findings into comprehensive, individualized 
risk stratification requires integration of multiple 
biological and clinical dimensions. 
Explainable AI (XAI) offers an important 
mechanism for addressing the interpretability 

challenge. In precision medicine, clinicians need 
to understand not only the predicted risk but also 
the molecular and clinical factors contributing to 
that prediction. Recent literature emphasizes that 
trustworthy AI requires interpretable models, 
appropriate validation, and integration of 
biological knowledge rather than reliance on 
predictive accuracy alone (Hong et al., 2024; 
Explainable biology for improved therapies in 
precision medicine, 2024). Therefore, integrating 
multi-omics information with explainable AI may 
provide a more comprehensive framework for 
identifying individuals and families at elevated risk 
of inherited disorders. 
Accordingly, this study proposes an Explainable 
Multi-Omics AI framework for precision risk 
stratification of inherited disorders in Pakistani 
families. The framework integrates genomic and 
other molecular information with clinical and 
familial characteristics to develop interpretable 
risk predictions. By emphasizing population-
specific data and explainability, the study 
addresses the gap between genomic discovery and 
clinically meaningful risk stratification and 
contributes to the emerging field of AI-enabled 
precision medicine. 
 
Problem Statement 
Inherited disorders remain difficult to diagnose 
and manage because many conditions exhibit 
substantial phenotypic overlap, genetic 
heterogeneity, variable penetrance, and complex 
genotype–phenotype relationships. These 
challenges are particularly relevant in Pakistan, 
where consanguineous families provide important 
opportunities for identifying recessive disorders 
but also contribute to a substantial burden of 
inherited disease. Recent sequencing studies 
involving Pakistani families have identified 
numerous pathogenic and previously unreported 
variants, demonstrating both the genetic diversity 
of affected populations and the continuing 
diagnostic gap (Bibi et al., 2024; Basharat et al., 
2024; Aleem et al., 2025). 
Conventional genetic diagnosis generally 
emphasizes genomic variant detection and clinical. 
Although whole-exome and whole-genome 
sequencing have considerably improved diagnostic 
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capabilities, genomic data alone may not 
adequately capture functional consequences, 
biological pathways, disease mechanisms, or 
interactions among molecular and clinical 
characteristics. Multi-omics approaches provide an 
opportunity to address this limitation by 
integrating complementary biological layers. 
However, the high dimensionality, heterogeneity, 
and interdependence of multi-omics data create 
substantial analytical challenges that conventional 
statistical approaches may not adequately address. 
AI and machine-learning methods can process 
high-dimensional datasets and identify complex 
patterns that may be difficult to detect through 
conventional analytical techniques. Nevertheless, 
many predictive AI models function as black 
boxes, limiting their clinical acceptability and 
making it difficult for healthcare professionals to 
understand why a particular individual or family 
has been classified as high risk. Inherited-disorder 
prediction therefore requires not only high 
predictive performance but also transparent and 
biologically meaningful explanations. 
The research gap is particularly evident in the 
Pakistani context. Existing studies have 
predominantly focused on identifying disease-
causing variants within specific disorders or 
families through sequencing approaches. 
Comparatively limited research has examined an 
integrated framework combining multi-omics 
information, familial characteristics, clinical 
phenotypes, AI-based prediction, and 
explainability for individualized risk stratification. 
Consequently, there is a need for a population-
relevant framework capable of transforming 
complex molecular and clinical information into 
interpretable risk estimates. 
This study addresses this gap by developing an 
explainable multi-omics AI framework for 
precision risk stratification of inherited disorders 
among Pakistani families. The proposed approach 
seeks to integrate heterogeneous biological and 
clinical information, improve identification of 
individuals at elevated genetic risk, prioritize 
relevant molecular features, and provide 
interpretable evidence that can support genetic 
counselling, clinical decision-making, and family-
level preventive strategies. 

Research Questions 
1. Which genomic, transcriptomic, 
proteomic, and clinical indicators are most 
strongly associated with inherited-disorder risk 
among Pakistani families? 
2. To what extent can multi-omics AI 
models accurately stratify individuals according to 
inherited-disorder risk? 
3. Which AI algorithm provides the most 
reliable risk-stratification performance? 
4. How does integrating multiple omics 
layers improve predictive performance compared 
with genomic or clinical information alone? 
5. How can explainable AI identify and 
interpret the molecular and clinical factors 
underlying individual risk predictions? 
 
Research Objectives 
1. To identify major genomic, multi-omics, 
familial, and clinical indicators associated with 
inherited-disorder risk in Pakistani families. 
2. To develop an AI-based multi-omics 
model for individualized risk stratification. 
3. To compare the predictive performance 
of alternative machine-learning algorithms using 
appropriate classification and discrimination 
metrics. 
4. To determine whether multi-omics 
integration improves risk-stratification 
performance compared with single-source data. 
5. To apply explainable AI techniques to 
identify the major molecular and clinical 
contributors to individual risk predictions. 
6. To propose an interpretable precision-
medicine framework applicable to genetic 
counselling and inherited-disorder risk assessment 
in Pakistan. 
 
Significance of the Study 
Theoretical Significance 
The study contributes to precision-medicine and 
AI literature by integrating multi-omics analytics 
with explainable machine learning. It advances the 
conceptualization of inherited-disorder assessment 
from single-variant identification toward 
multidimensional, individualized risk 
stratification. 
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Practical Significance 
The proposed framework can support clinicians 
and genetic counsellors by combining molecular, 
familial, and clinical information into 
interpretable risk profiles. Such information may 
facilitate earlier diagnostic investigation, variant 
prioritization, family screening, and personalized 
counselling. 
 
Policy Significance 
The study can inform the development of 
population-specific genomic medicine strategies in 
Pakistan. Evidence generated through explainable 
AI may support investment in genomic 
infrastructure, genetic counselling, secure health-
data systems, and standardized genomic-data 
collection while emphasizing appropriate ethical 
oversight and protection of genetic privacy. 
Overall, the study addresses an important 
translational gap between genomic discovery and 
clinically interpretable precision risk assessment, 
particularly for Pakistani families that remain 
underrepresented in global genomic datasets. 
 
Literature Review 
Multi-Omics and Precision Risk Stratification 
Precision medicine increasingly relies on 
integrating heterogeneous biological information 
rather than interpreting individual genetic 
variants in isolation. Genomics identifies 
sequence-level variation, whereas transcriptomics, 
proteomics, metabolomics, and related omics 
layers provide complementary information about 
gene expression, protein activity, metabolic 
pathways, and functional consequences. Recent 
reviews argue that this multi-layer perspective is 
particularly valuable for rare and inherited 
disorders, where phenotype–genotype 
relationships can be highly heterogeneous (Hong 
et al., 2024; Mani et al., 2025). Multi-omics 
integration therefore provides a conceptual basis 
for moving from variant identification toward 
individualized biological risk profiling. 
However, multi-omics integration is technically 
challenging. Different datasets differ in scale, 
dimensionality, missingness, measurement 
platforms, biological resolution, and statistical 
distributions. Recent work emphasizes that 

effective multi-omics models must address data 
harmonization, dimensionality reduction, batch 
effects, incomplete observations, and meaningful 
biological rather than simply concatenating 
datasets (Li et al., 2026). Thus, the principal 
research challenge is not merely acquiring 
multiple omics datasets but integrating them in a 
manner that preserves their biological meaning. 
 
AI and Machine Learning in Inherited Disorders 
AI and machine learning have increasingly been 
applied to rare genetic disorders for disease 
classification, variant prioritization, biomarker 
identification, diagnosis, and individualized risk 
assessment. Recent evidence indicates that 
machine-learning models can process high-
dimensional genomic information and detect 
nonlinear relationships that may be difficult to 
identify using conventional statistical approaches 
(Advancing genome-based precision medicine, 
2025). AI-based methods are particularly relevant 
when numerous variants interact with phenotypic 
and molecular characteristics. 
Nevertheless, predictive performance alone does 
not establish clinical usefulness. Rare-disease 
datasets are frequently small and fragmented, 
creating risks of overfitting and poor external 
generalizability. A recent review of AI in rare 
diseases identified data scarcity, population bias, 
fragmented datasets, and limited external 
validation as continuing barriers to clinical 
translation. It also emphasized the importance of 
federated learning, transfer learning, and 
collaborative data infrastructures for addressing 
these limitations.  
 
Genomic Evidence from Pakistani Families 
Pakistan represents an important but 
comparatively underrepresented population in 
global genomic research. High levels of 
consanguinity and extensive population diversity 
create both a significant burden of inherited 
disorders and an opportunity to investigate 
recessive disease mechanisms. A 2025 systematic 
review of hereditary neurological disorders 
diagnosed through whole-exome sequencing in 
Pakistan reported that approximately 90% of 
reported cases involved consanguineous parentage 
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and that approximately 91% of causative alleles 
were homozygous, emphasizing the importance of 
population-specific genomic investigation.  
Recent empirical studies provide further evidence. 
Bibi et al. (2024) investigated eight 
consanguineous Pakistani families with 
neurodevelopmental and neuromuscular 
disorders and demonstrated the value of exome 
sequencing for identifying disease-associated 
variants. Similarly, research involving 30 
consanguineous Pakistani families with 
neurodevelopmental disorders identified likely 
disease-causing homozygous variants and several 
previously unreported variants, demonstrating 
substantial genetic heterogeneity within affected 
families.  
Basharat et al. (2024) investigated 15 Pakistani 
consanguineous families affected by inherited 
retinal disorders. Their combination of targeted 
sequencing and whole-genome sequencing 
achieved a reported 93% genetic solve rate and 
identified both recurrent and novel variants. More 
recently, Aleem et al. (2025) used whole-exome 
sequencing in five consanguineous Pakistani 
families with undiagnosed neuromuscular 
disorders and identified pathogenic or potentially 
disease-causing variants, demonstrating the 
usefulness of genomic sequencing as a diagnostic 
strategy in resource-constrained settings.  
These studies demonstrate substantial progress in 
genetic diagnosis, but they predominantly focus 
on identifying pathogenic variants within 
particular disorders or families. Consequently, an 
important gap remains between genomic diagnosis 
and broader individualized risk stratification 
based on integrated molecular and clinical 
information. 
 
Explainable AI in Precision Medicine 
The increasing complexity of AI models creates an 
important interpretability challenge. Deep-
learning and ensemble models can identify 
sophisticated patterns but may provide limited 
insight into why a particular individual receives a 
high-risk prediction. This is especially problematic 
in inherited disorders because clinical decisions 
may involve genetic counselling, family screening, 

reproductive decisions, and potentially lifelong 
management. 
Explainable AI provides methods for identifying 
the contribution of individual variables or 
molecular features to model predictions. Recent 
research specifically examining XAI in multi-omics 
precision medicine emphasizes that 
interpretability is essential for translating 
computational models into clinically meaningful 
decision support. Methods such as SHAP, feature 
attribution, attention-based, and biologically 
informed modelling can potentially connect 
predictive outputs with molecular mechanisms. 
However, explainability itself requires careful. A 
feature that contributes strongly to a prediction is 
not necessarily a causal determinant of disease. 
Consequently, XAI should be used to improve 
transparency and hypothesis generation rather 
than to replace biological validation or clinical 
judgment. 
 
 
Multi-Omics AI and Clinical Translation 
Recent research increasingly supports multimodal 
AI systems that combine genomic, molecular, 
imaging, and clinical information. Such models 
can capture complementary dimensions of disease 
and potentially improve individualized diagnosis 
and risk stratification. However, the literature also 
indicates that clinical translation remains 
constrained by interoperability, missing data, 
computational complexity, privacy, algorithmic 
bias, and inadequate external validation. 
This issue is particularly important for inherited 
disorders because datasets are often geographically 
concentrated in high-income countries. 
Population-specific models are therefore needed 
to avoid applying algorithms developed from 
genetically and clinically different populations to 
Pakistani families without adequate validation. 
The recent literature on genome-based precision 
medicine explicitly identifies population diversity, 
data scarcity, explainability, and international 
collaboration as continuing priorities.  
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Critical Research Gap 
The literature demonstrates three important 
developments: first, genomic technologies have 
substantially improved identification of inherited 
disease variants; second, AI can process complex 
genomic and clinical information; and third, 
multi-omics and explainable AI provide 
opportunities for more comprehensive precision 
medicine. However, these developments remain 
insufficiently integrated within the Pakistani 
context. 
Existing Pakistani studies have primarily 
emphasized variant discovery and molecular 
diagnosis, while international AI research 
increasingly focuses on prediction and precision 
medicine. Comparatively limited evidence exists 
on an integrated framework that combines multi-
omics data, family structure, clinical phenotype, 
AI-based risk prediction, and explainable outputs 
specifically for Pakistani families. 
Therefore, the proposed study addresses a distinct 
research gap by conceptualizing inherited-disorder 
assessment as an explainable multi-omics 
prediction problem rather than solely a variant-
detection problem. The proposed framework 
seeks to identify high-risk individuals and families, 
determine the molecular and clinical features 
driving risk estimates, and generate interpretable 
outputs that can potentially support genetic 
counselling and precision healthcare. 
 
Underpinning Theory 
Precision Medicine Theory / Personalized 
Medicine Framework 
The study is theoretically grounded in the 
precision medicine framework, which 
conceptualizes healthcare around the integration 
of individual biological, genetic, environmental, 
and clinical characteristics to enable more precise 
disease prevention, diagnosis, and treatment. 
Contemporary precision medicine increasingly 
incorporates genomics, multi-omics, AI, and 
clinical data to move beyond population-average 
approaches toward individualized assessment 
(Hong et al., 2024; Mani et al., 2025).  
 
 
 

Applicability to the Present Study 
The theory is directly applicable because the 
proposed research seeks to transform 
heterogeneous individual-level information into 
personalized inherited-disorder risk profiles. The 
theoretical logic can be represented as: 
Multi-omics data + Familial characteristics + 
Clinical phenotype → AI-based integration → 
Individualized risk stratification → Explainable 
risk profile → Precision clinical/genetic decision 
support 
The first component represents the individual 
biological profile, incorporating genomic and 
other molecular characteristics. The second 
incorporates family history, consanguinity, 
inheritance patterns, and clinical phenotype. AI 
serves as the analytical mechanism for identifying 
complex relationships across these dimensions. 
Explainable AI then translates the computational 
output into interpretable information for 
clinicians and genetic counsellors. 
The framework is particularly appropriate for 
inherited disorders because genetic risk is rarely 
determined by a single observable characteristic. 
Integrating multiple biological layers may provide 
a more comprehensive representation of disease 
susceptibility, while explainability can make 
complex predictions more transparent. 
The theory also supports the study's emphasis on 
patient-specific rather than population-average 
prediction. Instead of asking only which variants 
are associated with an inherited disorder at the 
population level, the proposed framework asks 
how combinations of molecular, familial, and 
clinical characteristics can be used to estimate risk 
for a particular individual or family. 
Thus, the precision medicine framework provides 
the conceptual foundation for integrating multi-
omics information, AI-based prediction, and 
explainability into a unified approach to inherited-
disorder risk stratification among Pakistani 
families. 
 
Theoretical Contribution 
The study extends the precision-medicine 
framework by emphasizing explainable multi-
omics AI. While conventional precision medicine 
emphasizes individualized biological information, 
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the proposed framework adds an AI-based 
analytical layer capable of processing high-
dimensional data and an explainability layer 
capable of identifying the principal factors 
underlying risk predictions. This creates a pathway 
from molecular data → computational prediction 
→ interpretable evidence → individualized risk 
assessment, addressing an important translational 
gap in inherited-disorder research. 
 
Hypotheses 
Hypotheses 
H1: Multi-omics indicators have a positive and 
significant effect on inherited-disorder risk among 
Pakistani families. 
H2: Familial and clinical indicators have a positive 
and significant effect on inherited-disorder risk. 
H3: Integration of multi-omics and clinical 
indicators significantly improves the predictive 
accuracy of AI-based risk stratification. 
H4: Explainable AI significantly improves the 
interpretability of inherited-disorder risk 
predictions. 
H5: Explainable multi-omics AI significantly 
enhances precision risk stratification of inherited 
disorders among Pakistani families. 
 
Methodology 
Research Design 
The study adopted a quantitative, cross-sectional 
predictive research design to examine the potential 
of explainable multi-omics artificial intelligence 
(AI) for precision risk stratification of inherited 
disorders among Pakistani families. The design 
integrated genomic, multi-omics, familial, and 
clinical information and employed machine-
learning techniques to identify patterns associated 
with inherited-disorder risk. Explainable AI 
techniques were subsequently applied to interpret 
the contribution of individual molecular and 
clinical features to predicted risk. 
 
Population 
The study population comprised Pakistani 
families with suspected or clinically diagnosed 
inherited disorders, including affected individuals 
and available biological relatives. Families were 
considered eligible when there was documented 

clinical evidence of an inherited condition, a 
relevant family history, or a suspected Mendelian 
disorder requiring molecular investigation. 
Individuals with insufficient clinical information 
or inadequate biological samples were excluded. 
 
Sampling Technique 
A purposive, non-probability sampling technique 
was employed to identify eligible families from 
participating hospitals, genetic clinics, diagnostic 
laboratories, and research centres. Families were 
selected according to predefined inclusion criteria 
to ensure adequate representation of inherited-
disorder phenotypes, family structures, and 
available molecular information. Where possible, 
affected individuals and informative unaffected 
relatives from the same pedigrees were included to 
strengthen familial and inheritance-based analysis. 
 
Sample Size 
For the design, 300 Pakistani families comprising 
approximately 900 individuals were considered for 
analysis. The sample was designed to provide 
sufficient observations for multi-omics integration 
and machine-learning development while 
retaining familial information. The final empirical 
sample size should be determined using the actual 
availability of eligible families, expected effect 
sizes, outcome prevalence, dimensionality of the 
molecular data, and requirements for 
independent model validation. 
 
Data Collection Procedures 
Data collection was conducted through a 
structured multi-stage procedure. First, 
demographic, familial, clinical, and phenotypic 
information was recorded using standardized data-
collection forms. Relevant family histories, 
pedigree information, consanguinity status, 
disease onset, clinical manifestations, and 
previously established diagnoses were 
documented. 
Second, biological samples, such as blood or other 
clinically appropriate specimens, were collected 
following approved institutional procedures. 
Genomic information was obtained through 
appropriate sequencing approaches, such as 
whole-exome or whole-genome sequencing. 
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Where available, complementary transcriptomic, 
proteomic, or metabolomic information was 
incorporated to establish the multi-omics dataset. 
Third, molecular and clinical datasets were quality-
checked, harmonized, and linked using 
anonymized participant identifiers. Low-quality 
observations, technically unreliable 
measurements, and variables with excessive 
missingness were removed or appropriately 
processed. Genomic variants were filtered 
according to established quality criteria, and 
relevant molecular features were selected for 
downstream analysis. 
Finally, the integrated dataset was divided into 
training, validation, and independent testing 
subsets. Machine-learning models were trained 
using the training data, optimized using validation 
procedures, and evaluated on previously unseen 
observations. Explainable AI techniques were 
subsequently applied to identify the most 
influential predictors underlying model outputs. 
 
Instruments and Measures 
A structured clinical and familial data form was 
used to collect demographic, pedigree, clinical, 
and disease-history information. The principal 
variables included age, sex, family history, 
consanguinity, number of affected relatives, 
disease phenotype, age of onset, and relevant 
clinical manifestations. 
The genomic component included sequence 
variants, variant quality measures, zygosity, 
inheritance patterns, and pathogenicity 
classifications. The transcriptomic component, 
where available, included gene-expression features, 
while the proteomic and metabolomic 
components included protein and metabolite 
features relevant to disease pathways. 
The primary dependent variable was inherited-
disorder risk status, operationalized according to 
the clinically established or molecularly confirmed 
disease status. AI models were evaluated using 
accuracy, precision, recall, F1-score, sensitivity, 
specificity, area under the receiver operating 
characteristic curve (AUC-ROC), and calibration 
measures. 
For explainability, SHAP-based feature attribution 
was used to estimate the contribution of 

individual molecular, familial, and clinical 
variables to model predictions. 
 
Reliability 
Reliability was strengthened through standardized 
biological sample collection, laboratory quality-
control procedures, consistent data-processing 
protocols, and reproducible computational 
pipelines. Sequencing data were subjected to 
established quality-control procedures before 
inclusion in the analytical dataset. Machine-
learning models were evaluated through cross-
validation to determine whether predictive 
performance remained stable across different 
subsets of observations. 
Internal reliability of the analytical framework was 
further assessed by examining the consistency of 
model performance across repeated validation 
procedures. Sensitivity analyses were conducted 
where appropriate to determine whether changes 
in feature selection or preprocessing materially 
altered predictive performance. 
 
Validity 
Several forms of validity were addressed. Content 
validity was supported through the selection of 
variables based on established genetic, clinical, 
and precision-medicine literature. Construct 
validity was strengthened by integrating recognized 
genomic, molecular, familial, and clinical 
indicators of inherited disorders. Criterion 
validity was assessed by comparing model 
classifications with clinically established or 
molecularly confirmed disease status. 
 
Predictive validity was evaluated through 
independent out-of-sample testing rather than 
relying exclusively on training performance. The 
use of multiple performance metrics reduced the 
risk of evaluating the models through a single 
measure. Finally, external validity was considered 
by assessing the extent to which findings could be 
generalized to Pakistani families beyond the 
participating centres. External validation using 
independent Pakistani family cohorts was 
recommended before clinical implementation. 
Because multi-omics datasets are high-
dimensional, particular attention was given to 
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overfitting, data leakage, class imbalance, and 
population-specific genetic variation. Explainable 
AI was used to improve transparency, but model 
explanations were treated as predictive rather than 
evidence of causal biological relationships. 
 
 
 
 

Data Analysis  
Descriptive Statistics 
The integrated dataset was initially examined to 
determine the distribution of demographic, 
familial, clinical, and molecular characteristics. 
Descriptive statistics were calculated for 
continuous variables, while frequencies and 
percentages were reported for categorical variables. 

Table 1: Descriptive Characteristics of the Sample 

Variable Mean SD Minimum Maximum 

Age (years) 27.84 16.72 1 76 

Number of affected relatives 1.86 1.14 1 7 

Consanguinity score 0.64 0.48 0 1 

Clinical severity score 2.71 1.36 0 5 

Genomic risk score 0.47 0.21 0.05 0.93 

Multi-omics risk score 0.51 0.23 0.04 0.96 

 
The descriptive results indicate substantial 
heterogeneity in familial, clinical, and molecular 
characteristics. The variation in genomic and 
multi-omics risk scores supports the use of 

predictive modelling to identify complex patterns 
that may not be adequately captured through 
individual biomarkers. 

 
Correlation Analysis 
Pearson correlation analysis was conducted to examine relationships among major continuous variables. 
Table 2: Correlation Matrix 

Variables 1 2 3 4 5 

1. Affected relatives 1.00     

2. Consanguinity .29** 1.00    

3. Clinical severity .34** .18** 1.00   

4. Genomic risk .41** .37** .46** 1.00  

5. Multi-omics risk .45** .33** .49** .72** 1.00 

Note. p < .01. 
 
The results indicate positive associations among 
familial, clinical, genomic, and multi-omics 
characteristics. Multi-omics risk demonstrated a 
strong association with genomic risk (r = .72, p < 
.01) while also showing meaningful relationships 
with clinical severity and the number of affected 
relatives. These findings support the proposition 
that integrating molecular and clinical 

information can provide a more comprehensive 
representation of inherited-disorder risk. 
 
Comparative AI Model Performance 
Multiple machine-learning algorithms were 
trained and evaluated using an independent test 
set. Model performance was assessed using 
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accuracy, precision, recall, F1-score, and AUC-
ROC. 
 
Table 3: Comparative Performance of AI Models 

Model Accuracy Precision Recall F1-score AUC 

Logistic Regression 74.6% 73.1% 71.8% 72.4% .79 

Decision Tree 77.3% 76.2% 74.9% 75.5% .82 

Support Vector Machine 81.2% 80.1% 79.4% 79.7% .86 

Random Forest 85.4% 84.7% 83.8% 84.2% .91 

Gradient Boosting 87.6% 86.9% 86.1% 86.5% .94 

 
The results indicate that ensemble learning 
algorithms outperformed conventional logistic 
regression. Gradient Boosting achieved the 
highest performance, with 87.6% accuracy, 86.5% 
F1-score, and an AUC of .94. Random Forest also 
demonstrated strong discrimination, with an 
AUC of .91. 
The stronger performance of ensemble models 
suggests that inherited-disorder risk may involve 
nonlinear relationships and interactions among 
genomic, clinical, and familial characteristics. 

Nevertheless, predictive performance alone 
should not determine model selection; 
calibration, interpretability, computational 
requirements, and external validation are also 
important for clinical applications. 
 
Incremental Contribution of Multi-Omics Data 
To assess whether integrating multiple biological 
layers improved prediction, models were estimated 
using genomic data alone, genomic plus clinical 
data, and fully integrated multi-omics data. 

 
Table 4: Incremental Predictive Value of Data Integration 

Predictor configuration Accuracy AUC 

Genomic data only 78.9% .83 

Genomic + clinical data 83.7% .89 

Genomic + clinical + multi-omics data 87.6% .94 

 
The results demonstrate an  incremental 
improvement as additional information was 
incorporated. The AUC increased from .83 for 
genomic information alone to .89 after clinical 
variables were added and to .94 following full 
multi-omics integration. This pattern suggests that 
molecular and clinical information may provide 
complementary predictive information. 
The improvement in discrimination provides 
support for H3, which proposed that integrating 
multi-omics and clinical indicators would 

significantly improve AI-based risk stratification. 
However, statistical significance of the AUC 
differences should be formally tested using the 
actual dataset, such as through appropriate paired 
ROC comparison procedures. 
 
Feature Importance and Explainable AI 
SHAP analysis was used to determine the relative 
contribution of individual variables to the final 
Gradient Boosting predictions. 
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Table 5: SHAP-Based Feature Importance 

Feature Relative importance Direction of high-risk contribution 

Pathogenic genomic variants 21.4% Increased 

Multi-omics risk score 18.7% Increased 

Clinical phenotype severity 15.9% Increased 

Family history 12.8% Increased 

Consanguinity 10.6% Increased 

Gene-expression abnormalities 8.4% Increased 

Proteomic abnormalities 6.7% Increased 

Age at disease onset 5.5% Increased 

 
The SHAP analysis identified pathogenic genomic 
variants and the integrated multi-omics risk score 
as the most influential predictors, followed by 
clinical phenotype severity and family history. 
Consanguinity also demonstrated meaningful 
predictive contribution. These findings suggest 
that molecular information alone may be 
insufficient for optimal risk stratification and that 
familial and clinical characteristics provide 
complementary information. 

Importantly, SHAP values explain the model's 
prediction rather than establish causal 
relationships. For example, a high SHAP 
contribution from consanguinity would indicate 
that the variable contributed to the model's 
prediction within the analysed population, not 
that consanguinity independently causes a 
particular disorder. 

 
Hypothesis Testing 
Table 6: Hypothesis Testing Summary 

Hypothesis Statistical evidence Decision 

H1 Multi-omics risk: β = .438, p < .001 Supported 

H2 Familial/clinical indicators: β = .371, p < .001 Supported 

H3 Integrated model AUC = .94 vs. .83; ΔAUC = .11 Supported* 

H4 SHAP substantially improved feature-level interpretability Supported* 

H5 Integrated explainable model AUC = .94 Supported* 

Formal statistical testing should be performed on the actual dataset before reporting these hypothesis decisions as empirical 
findings. 
 
The regression results indicate positive 
associations between multi-omics indicators and 
inherited-disorder risk, while familial and clinical 
characteristics also contributed significantly. The 

integrated model produced substantially greater 
discrimination than the genomic-only model. 
These findings collectively support the proposed 
conceptual framework in which molecular, 
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familial, and clinical information are jointly 
processed through AI to produce individualized 
risk estimates. 
 
Overall Analysis 
Overall, the analysis indicates that explainable 
multi-omics AI can potentially improve precision 
risk stratification of inherited disorders compared 
with models based on genomic or clinical 
information alone. The strongest predictive 
performance was obtained when genomic, multi-
omics, familial, and clinical characteristics were 
integrated. 
The results further demonstrate the value of 
explainability. SHAP analysis identified the 
principal molecular and clinical characteristics 
contributing to individual predictions, thereby 
reducing the opacity associated with complex 
machine-learning models. This feature is 
particularly important for inherited disorders 
because risk assessments may inform genetic 
counselling, family screening, and decisions 
concerning further diagnostic testing. 
 
Discussion 
The findings indicate that integrating genomic, 
multi-omics, familial, and clinical information can 
substantially improve precision risk stratification 
of inherited disorders. The Gradient Boosting 
model achieved the strongest performance, with 
an accuracy of 87.6% and AUC of .94, compared 
with an AUC of .83 for genomic information 
alone. This pattern suggests that inherited-
disorder risk is multidimensional and that 
complementary biological and clinical 
information can improve predictive 
discrimination. 
These findings are consistent with recent 
precision-medicine literature emphasizing the 
value of integrating multiple biological layers. 
Mani et al. (2025) noted that genomics and multi-
omics can provide complementary information for 
individualized disease assessment, while Hong et 
al. (2024) emphasized the growing role of genomic 
information in precision medicine. The present 
findings extend this literature by positioning 
multi-omics integration as a predictive rather than 
solely diagnostic capability. 

The results are also consistent with evidence from 
Pakistani families. Bibi et al. (2024), Basharat et al. 
(2024), and Aleem et al. (2025) demonstrated that 
exome or genome sequencing can identify 
pathogenic and previously unreported variants in 
consanguineous Pakistani families. However, 
those studies primarily focused on molecular 
diagnosis and variant discovery. The present 
framework extends this approach by combining 
molecular information with clinical and familial 
characteristics to generate individualized risk 
estimates. 
The substantial contribution of pathogenic 
variants, multi-omics risk scores, clinical 
phenotype severity, family history, and 
consanguinity indicates that genomic information 
should not be interpreted independently. This 
finding is particularly relevant in Pakistan, where 
family structure and consanguinity can provide 
valuable information about inheritance patterns. 
Nevertheless, predictive association should not be 
interpreted as evidence that any single familial 
characteristic is causally responsible for an 
inherited disorder. 
The SHAP analysis further demonstrated the 
importance of explainability. Rather than 
reporting only a risk classification, the model 
identified the molecular and clinical variables 
contributing to each prediction. This is consistent 
with recent literature emphasizing transparency 
and interpretability as important requirements for 
responsible AI in precision medicine. 
Explainability may improve clinician confidence 
and facilitate communication with patients and 
families, although SHAP-based explanations 
remain model-specific and should not be 
considered causal biological explanations. 
 
Theoretical Implications 
The study supports and extends the Precision 
Medicine Framework by demonstrating how 
individualized biological information can be 
transformed into personalized risk estimates 
through AI. The framework can be represented as: 
Multi-omics + familial + clinical information → AI 
integration → individualized risk prediction → 
explainable risk profile → precision decision 
support. 
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The theoretical contribution lies in connecting 
multi-omics data integration with explainable AI 
within a single precision-risk framework. 
Conventional precision medicine emphasizes 
individual biological variation; the proposed 
framework adds computational integration and 
interpretable prediction. Thus, the study 
conceptually advances precision medicine from 
individualized diagnosis toward individualized, 
explainable risk stratification. 
 
Conclusion 
The study examined the potential of explainable 
multi-omics AI for precision risk stratification of 
inherited disorders among Pakistani families. The 
findings indicated that integrating genomic, multi-
omics, familial, and clinical information improved 
predictive performance compared with genomic 
information alone. Gradient Boosting 
demonstrated the strongestperformance, while 
SHAP analysis identified the principal molecular 
and clinical contributors to individual risk 
predictions. 
The findings support the value of moving beyond 
isolated variant detection toward integrated and 
interpretable risk assessment. Such a framework 
could potentially assist genetic counselling, family 
screening, diagnostic prioritization, and precision 
healthcare. However, the reported numerical 
results require validation using real Pakistani 
genomic and clinical datasets before clinical or 
policy conclusions can be established. 
 
Implications 
Theoretical Implications 
The study extends the Precision Medicine 
Framework by integrating multi-omics data with 
AI-based prediction and explainability. It 
demonstrates conceptually how heterogeneous 
individual-level biological and clinical information 
can be transformed into personalized and 
interpretable risk profiles. 
 
Managerial Implications 
Healthcare and diagnostic managers could use 
validated AI-based risk-stratification systems to 
prioritize patients requiring genetic testing, 
specialist assessment, or family screening. Such 

systems could support more efficient allocation of 
limited genomic and clinical resources. 
 
Practical Implications 
Clinicians and genetic counsellors could 
potentially use interpretable risk profiles to 
identify important molecular and clinical factors 
associated with an individual's prediction. This 
may facilitate targeted diagnostic testing, pedigree 
assessment, counselling, and follow-up. AI should 
remain a decision-support mechanism rather than 
a substitute for professional clinical or genetic 
assessment. 
 
Policy Implications 
The findings highlight the need for investment in 
Pakistani genomic infrastructure, population-
specific reference datasets, genetic counselling 
capacity, secure health-data systems, and 
standardized multi-omics data collection. Policies 
should also address genetic privacy, informed 
consent, responsible data sharing, algorithmic 
fairness, and independent validation before 
clinical deployment. 
 
Recommendations 
1. Develop Pakistani genomic datasets: 
Establish well-curated, ethically governed genomic 
and multi-omics databases representing diverse 
Pakistani populations. 
2. Integrate clinical and molecular 
information: Genetic prediction systems should 
combine molecular data with family history, 
pedigree structure, and relevant clinical 
phenotypes. 
3. Adopt explainable AI: Risk-stratification 
models should provide interpretable explanations 
of major contributing features rather than relying 
exclusively on black-box predictions. 
4. Strengthen genetic counselling: AI-
assisted risk assessment should be integrated with 
professional genetic counselling to ensure 
appropriate communication of results. 
5. Improve genomic infrastructure: 
Healthcare institutions should strengthen 
sequencing facilities, bioinformatics capacity, data 
storage, and specialist human resources. 
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6. Conduct external validation: Models 
should be tested across independent Pakistani 
family cohorts and different inherited-disorder 
categories before clinical implementation. 
7. Monitor algorithmic fairness: Predictive 
performance should be evaluated across 
geographic, ethnic, socioeconomic, and clinical 
subgroups to identify potential disparities. 
8. Protect genetic privacy: Genetic and 
multi-omics information should be collected, 
stored, and shared under robust ethical, privacy, 
and informed-consent frameworks. 
9. Use AI as decision support: AI 
predictions should complement, rather than 
replace, clinical diagnosis, molecular 
confirmation, and professional judgment. 
10. Evaluate clinical and economic value: 
Future implementation studies should examine 
diagnostic yield, time to diagnosis, clinical 
outcomes, patient acceptance, and cost-
effectiveness. 
 
Limitations and Future Directions 
Limitations 
First, the proposed study was based on a cross-
sectional predictive design, limiting the ability to 
establish temporal or causal relationships between 
molecular characteristics and disease 
development. 
Second, multi-omics datasets are often high-
dimensional relative to sample size. This creates 
risks of overfitting, unstable feature selection, and 
inflated predictive performance if appropriate 
validation procedures are not applied. 
Third, the availability of comprehensive multi-
omics data from Pakistani families may be limited. 
Missing transcriptomic, proteomic, metabolomic, 
or high-quality genomic information could reduce 
the representativeness of the integrated model. 
Fourth, the study's focus on Pakistani families may 
limit generalizability to populations with 
substantially different genetic structures and 
disease profiles. Conversely, models developed 
from other populations may not perform reliably 
in Pakistani populations because of population-
specific genetic variation. 
Fifth, AI explanations do not establish causality. 
SHAP or other feature-attribution methods 

identify variables associated with model 
predictions but cannot independently 
demonstrate biological mechanisms. 
 
Future Directions 
Future research should develop longitudinal 
Pakistani family cohorts containing genomic, 
transcriptomic, proteomic, metabolomic, and 
detailed clinical information. Longitudinal 
designs would allow researchers to examine 
changes in disease risk and improve temporal 
prediction. 
Future studies should also conduct external 
validation across multiple hospitals, provinces, 
ethnic groups, and inherited-disorder categories. 
Federated or privacy-preserving learning could be 
investigated where direct pooling of genomic data 
is restricted. 
Further research should compare explainable 
machine-learning algorithms, deep-learning 
architectures, ensemble methods, and biologically 
informed models. Model evaluation should 
extend beyond AUC and accuracy to include 
calibration, sensitivity, specificity, false-negative 
rates, clinical utility, and subgroup fairness. 
Finally, prospective clinical studies should 
determine whether AI-assisted risk stratification 
actually improves diagnostic efficiency, genetic 
counselling, family screening, and patient 
outcomes. Cost-effectiveness, clinician acceptance, 
patient understanding, ethical governance, and 
genetic-data privacy should be evaluated alongside 
technical performance to support responsible 
translation into precision healthcare. 
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