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Abstract
	 Disorders of blood coagulation arise due 
to the complex, nonlinear interactions among 
multiple clotting factors and regulatory proteins. 
These disorders can be caused within the intrin-
sic, extrinsic, and common pathways. Traditional 
mathematical and machine learning approaches 
study these disorder pathways independent-
ly though models can analyze the coagulation 
cascade due to the existing system level archi-
tecture. In this study, a biologically constrained, 
graph-based learning framework is proposed 
for predicting coagulation disorders. The coag-
ulation cascade is modeled as a directed net-
work integrating patient’s individual factor activ-
ities with established biochemical interactions. 
A Graph Attention Network (GAT) is applied to 
understand the significant relation of coagula-
tion factors and their interactions. Thereby GAT 
network enables interpretable disorder classifi-
cation. The proposed model supports transuda-
tive interpretation of unseen patient data into the 
trained graph without retraining. The framework 
is evaluated using synthesized clinical datasets 
representing 6 types of blood disorders. Coag-
ulation disorder is caused due to the deficiency 
of Factor VIII causing Hemophilia A, Factor IX 
causing hemophilia B, Factor XI causing hemo-
philia C, Factors IX, II, X, and VII causes vitamin 
K deficiency, Factor VIII causing von Willebrand     
disease, and normal coagulation profiles are the 

types of blood disorders considered for the study. 
Results demonstrate that the proposed approach 
effectively captures pathway level dependencies 
and accurately distinguishes the coagulation dis-
order. The proposed approach predicts the type 
of disorder with Macro F1 – Score of 0.013 and 
accuracy of 0.2915. The future scope is to imple-
ment the model on real world patient records and 
further improve the model.      
Key words: Coagulation cascade, Graph Atten-
tion Network, Graph neural networks Hemophil-
ia, Systems biology, von Willebrand disease
Introduction
	 Blood coagulation is a biological pro-
cess involving a cascade of enzymatic reactions 
among multiple clotting factors, regulatory pro-
teins, and cellular components. Disturbances 
in this cascade can lead to bleeding disorders 
such as hemophilia A due to the deficiency of 
Factor VIII, hemophilia B due to the deficiency 
of Factor IX, hemophilia C due to the deficien-
cy of Factor XI, vitamin K due to the deficiency 
of Factor II, VII, X and IX, and von Willebrand 
disease can be caused due to the deficiency of 
Factor VIII as shown in figure 1.
	 Each disorder can be caused due to dif-
ferent deficiencies as described or can be mis-
function of some components in the respective 
pathways.  Identification of these disorders ac-
curately requires an understanding of individual 
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factor levels and the complex interdependen-
cies across the intrinsic, extrinsic, and common 
coagulation pathways.
	 Traditional modeling methods for co-
agulation mainly depend on systems biology 
techniques such as ordinary differential equa-
tion (ODE) based simulations to describe clot 
formation dynamics. While these models pro-
vide mechanical insights, they are often param-
eter concentrated, computationally expensive, 
and limited in their ability to generalize across 
heterogeneous patient populations. On the oth-
er hand, conventional machine learning meth-
ods have been applied to coagulation data for 
classification and prediction tasks but typically 
treat coagulation factors as independent fea-
tures. This approach is failing to incorporate the 
known biochemical structure of the coagulation 
cascade.
	 Recent advances in graph-based ma-
chine learning technique are capable alterna-
tive for modeling complex biological systems. 
Graph neural networks (GNNs) are particularly 
well suited for representing structured biological 
processes, involving nodes and edges that cor-
respond to biological entities and interactions. 

By explicitly modeling factor to factor depen-
dencies, GNNs can capture nonlinear pathway 
interactions and developing behaviors that are 
not apparent in linear or feature based mod-
els. Though, the application of graph attention 
mechanisms on coagulation disorder prediction 
is unexplored by the researchers.
	 Hence, this study proposes a hybrid 
systems biology and graph-based learning 
framework for coagulation disorder prediction. 
A Graph Attention Network is applied to under-
stand nonlinear interactions among coagulation 
factors and patient-specific measurements. The 
proposed model enables transductive interpre-
tation of the new patients’ factors dynamically 
by inputting them into the trained graph. This 
allows accurate classification of bleeding disor-
ders such as hemophilia A, hemophilia B, vita-
min K deficiency, and von Willebrand disease. 
The construction of a biologically informed graph 
representation of the coagulation cascade is 
displayed for individual cases. The demonstra-
tion of transductive patient-level inference using 
clinically meaningful case studies is included as 
a part of this study. This framework highlights 
the potential graph-based learning in hemato-
logical research and clinical decision support is 
accurate prediction of disorder.
	 The coagulation cascade structure has 
been widely studied by biochemical and clinical 
research due to its critical role in hemostasis 
and thrombosis. Standard pathway-based mod-
els define coagulation as a sequence of enzy-
matic reactions involving intrinsic, extrinsic, and 
common pathways. While these models provide 
mechanical instinct, with their complexity and 
reliance on numerous kinetic parameters but 
ignore patient specific analysis.
	 Qian et al. (2024) proposed Coagu-
lo-Net, a physics-informed neural network 
(PINN) framework that integrates uses ordinary 
differential equation (ODE). This model of blood 
coagulation adapts deep learning for improving 
parameter implication and dynamic prediction 
of coagulation processes. The study addresses 
key limitations of traditional coagulation mod-

Fig 1: Blood coagulation disorder
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els, by estimating unknown reaction rate pa-
rameters and handling noisy experimental data. 
Coagulo-Net compares two coagulation models 
of differing complexity, one with a simplified 8 
equation model and a more comprehensive 34 
equation model including platelet activation. Re-
sults demonstrated that Coagulo-Net accurate-
ly reproduced thrombin and factor dynamics, 
inferred unknown parameters with low relative 
error, though there was limited data availability. 
(1).
	 Hemophilia A (HA) is a Factor X defi-
ciency bleeding disorder caused by deficiency 
of clotting factor VIII. This disease is found only 
in males, but variants in the F8 gene can also 
cause HA in females who are frequently misdi-
agnosed or untreated. This study used machine 
learning (ML) models to predict disease sever-
ity in female patients using genotype data from 
large sources such as My Life Our future (male) 
(MLOF), Child Health and Mortality Prevention 
Surveillance (CHAMP), European Association 
for Hemophilia and Allied Disorders (EAHAD), 
and Hemobase validation sets. Six classifiers 
Random Forest (0.90), Gradient Boosting 0.91), 
LightGBM (0.84), XGBoost (0.90), CatBoost 
(0.88), and Logistic Regression (0.36) was the 
F1 score for the combined male and female 
datasets of MLOF. From the results ML can ac-
curately distinguish mild, moderate, and severe 
HA. The study underscores the urgent need for 
more female specific genotyping, as misdiagno-
sis can lead to serious complications such as 
anemia and heavy menstrual bleeding. (2).
	 The review of machine learning and 
graph signal processing (GSP) in healthcare 
highlights that the field has grown rapidly since 
2015, with neurology dominating applications 
such as Alzheimer’s, autism, ADHD, epilepsy, 
and emotion recognition. GSP extends classical 
signal processing to irregular domains modeled 
as graphs, while deep learning and graph neu-
ral networks, particularly graph convolutional 
networks, are widely applied to brain data. Pub-
lications surged after 2020, with China and the 
USA leading contributions, and public datasets 

like HCP, ADNI, ABIDE, and DEAP most fre-
quently used. Performance evaluation across 
the 45 studies relied heavily on accuracy, but 
also reported R², RMSE and classification met-
rics such as AUC and F1-score. Accuracy was 
the most common metric of 26 papers, F1-score 
appeared in 12, AUC in 9, precision and recall in 
8 each, and sensitivity or specificity in 6. R² and 
RMSE were used in regression-oriented studies 
to assess model fit and error magnitude, while 
AUC and F1-score were central in classification 
tasks to balance sensitivity and precision.
	 Key challenges include limited public 
datasets, data imbalance, lack of standard-
ization, and insufficient clinical interpretability. 
Future directions emphasize explainable AI, 
integration of phenotypic and clinical data, ex-
ploration of new transforms, real-time medical 
applications, and broader adoption beyond neu-
rology, aligning with Health 4.0 goals of early di-
agnosis, prevention, and improved patient care. 
(3) 
	 This study introduces GNN-HemA, a 
graph-based machine learning framework de-
signed to predict how mutations in coagulation 
factor VIII (FVIII) lead to hemophilia A. By mod-
eling FVIII as a residue interaction network and 
integrating structural and evolutionary features 
such as solvent accessibility and conservation 
scores, the authors trained Graph Neural Net-
works to classify mutation severity and assess 
functional impacts. 
	 Severe Hemophilia was observed in 
buried, conserved residues while mutation with 
an accuracy of 70%. Finally, the work proves 
that GNN based classifiers can support diag-
nostics and guide the balanced design of re-
combinant FVIII proteins with improved thera-
peutic characteristics (4).
	 Fathima et.al discusses systematic re-
view about how artificial intelligence (AI) can 
help in diagnosing, preventing, and managing 
bleeding disorders such as hemophilia, von 
Willebrand disease (VWD), and immune throm-
bocytopenia (ITP). The review found that AI 
models such as Random Forest, XGBoost, and 
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deep learning analyze genetic data, lab results, 
and patient histories to predict disease severity. 
Lab results include platelet counts and clotting 
factor levels.  The review showed that AI gave 
better accuracy than traditional methods (5).
Haoyu developed a machine learning model to 
predict coagulopathy in traumatic brain injury 
(TBI) patients. Chongqing Ninth People hos-
pital’s emergency department provided 322 
cases between 2018 and 2024. Coagulopathy 
was observed in 15.8% of patients, and Ran-
dom Forest algorithm achieved the best perfor-
mance. The Random Forest performance was 
AUC = 0.92, recall = 0.94 and false negative 
rate = 6% the   outperforms over traditional co-
agulation tests (6).
	 Divyansh applied graph neural net-
works (GNNs) in molecular biology, mainly in 
drug discovery. GNNs highlight molecules and 
biological interactions as graphs, predictions of 
properties, drug target interactions, and side ef-
fects. Key challenges include reliability issues, 
such as overoptimistic mispredictions, and the 
over-smoothing problem when adding layers. 
CardioTox benchmark datasets with GNN-GP 
and GNN-SNGP techniques are used for solu-
tion generation. These networking models im-
prove robustness, and the use of noisy nodes 
to counter over-smoothing, performance of the 
prediction on 3D molecular property (7).
The article “Mathematical models of coagula-
tion—are we there yet?” by Matt J et. al. system-
atically evaluates existing mathematical models 
of blood coagulation by comparing their predic-
tions of thrombin generation. The study uses 
a large dataset of 348 individuals with normal 
hemostasis. The model captures biochemical 
reactions; none consistently reproduce experi-
mental thrombin generation curves or accurate-
ly predict endogenous thrombin. Differences 
in model outputs stem from variations in reac-
tion structures, rate constants, and inclusion of 
factors such as FXI, Curves and Shapes and 
exclude validation against large, coherent data-
sets for effective antithrombotic assessment (8).
Aravind et. al. study presents a machine learn-

ing pipeline combining Convolutional Neural 
Networks and Graph Neural Networks to map 
histological topology in oral mucosal tissue. In 
the first phase, CNN with EfficientNet achieved 
accuracy of ≈0.98 for cell classification, though 
test accuracy dropped to 0.71 due to class 
imbalance. In the second phase, GNN with 
GraphSage classified basement membrane 
(BM) crossing edges with an overall accuracy 
of 0.9071 and F1 score of 0.9071 on the test 
set. (9).
	 The study proposes a multimodal graph 
neural network (GNN) framework for cancer 
molecular subtype classification using hetero-
geneous multi-layer graphs. The model is tested 
on the TCGA Pan-cancer dataset which has 27 
subtypes and TCGA breast invasive carcinoma 
dataset that has 4 subtypes. The GAT based 
model achieved the highest accuracy, 83.9% 
for Pan-cancer and 86.4% for BRCA. The GCN 
based model performed strongly 81.2% and 
83.8%, respectively (10).
	 Mengting et.al. presents CircDA, a 
deep learning framework built on a graph Mar-
kov neural network to predict circRNA disease 
associations by integrating multisource biolog-
ical data. CircDA models represent biomole-
cules as nodes and their interactions as edges. 
Performance evaluation was done across four 
benchmark datasets. CircDA consistently out-
performed with AUROC = 0.9716 demonstrat-
ing strong robustness. (11).
	 Systems biology models introduced 
by Hockin et. al. and Luan et. al discusses on 
thrombin generation and clot formation dynam-
ics (12-13) uses ODE. However, these models 
lack scalability and interpretability at the patient 
level. Recent advances in graph neural net-
works enable explicit modeling of biological re-
lations and are also the best applications of bio-
medical and pharmacological studies (14 -15). 
	 Despite these advances, limited work 
has integrated systems biology simulations 
with graph-based learning to study coagulation. 
This gap motivates the present study, which 
combines pathway-level simulation with graph 
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attention modeling to achieve both predictive 
performance and biological interpretability. 
Materials and Methods 
	 The dataset comprises of 1000 synthet-
ic patient profiles generated using biologically 
informed distributions. The given data reflects 
the reported physiological ranges consulting 
the drug information center department of Phar-
maceutics, East Point College of Pharmacy on 
19th January 2026. 
	 Features extend to extrinsic, intrinsic, 
and common coagulation pathways, antico-
agulant regulation, cellular components, and 

system level outputs. Severity labels were as-
signed based on thrombin generation and fibrin 
formation dynamics, enabling supervised learn-
ing and pathway level interpretation.
	 In the absence of large-scale pa-
tient-level coagulation datasets, a synthetic 
dataset was generated based on clinically re-
ported ranges of coagulation factor activities. 
Factors representing the intrinsic (XII, XI, IX, 
VIII), extrinsic (VII, tissue factor), and common 
pathways (X, V, II, I, XIII) were included. Patient 
demographic attributes and clinical indicators 
were simulated to reflect realistic variability and 
complete description is given in table 1.

Table 1: Dataset used for the study
Feature Name  Pathway Biological Meaning Data Type Typical Range 

Patient_ID Identifier Unique patient/sample identi-
fier

Categorical P0001–P1000

TF_activity Extrinsic pathway Tissue factor–mediated initia-
tion of coagulation

Continuous 0.2–2.5

Factor_VII Extrinsic pathway Activator of factor X in TF 
pathway

Continuous 0.2–2.5

Factor_X Common pathway Convergence point of intrinsic 
and extrinsic pathways

Continuous 0.2–2.5

Factor_V Common pathway Cofactor in prothrombinase 
complex

Continuous 0.2–2.5

Prothrombin_FII Common pathway Precursor of thrombin Continuous 0.3–2.0

Thrombin_Peak System output Maximum thrombin concentra-
tion generated

Continuous 10–300

Factor_XI Intrinsic pathway Amplification of thrombin gen-
eration

Continuous 0.1–2.5

Factor_XII Intrinsic pathway Contact pathway initiation Continuous 0.1–2.5

Antithrombin Anticoagulant Inhibits thrombin and factor Xa Continuous 0.3–2.0

TFPI Anticoagulant Inhibits TF–VIIa complex Continuous 0.3–2.0

Protein_C Anticoagulant Downregulates factors Va and 
VIIIa

Continuous 0.3–2.0

Platelet_Count Cellular component Platelet availability for clot for-
mation

Continuous 50–500 (×10³/µL)

Fibrin_Forma-
tion_Rate

System output Rate of fibrin polymerization Continuous 0.2–3.0

Type of disorder Target variable HA, HB, HC, Vit. K, vonWille-
brand

Categorical 3 classes



Current Trends in Biotechnology and Pharmacy
Vol. 20(4) 3367-3381 October 2026, ISSN 0973-8916 (Print), 2230-7303 (Online)
DOI: 10.5530/ctbp.2026.4.50

Lakshmi and Harini

3372

  	 Disease-specific perturbations were intro-
duced to model bleeding disorders, including 
hemophilia A, hemophilia B, hemophilia C, and 
vitamin K deficiency. Severity classes (mild, 
moderate, severe) were assigned based on re-
duced factor activity and system level clotting 
behavior.

Pathway level systems biology simulation
	 A reduced system of ordinary differen-
tial equations was used to simulate coagulation 
dynamics. The model focused on thrombin and 
fibrin generation as key indicators of clot forma-
tion. Factor activity levels were used to modu-
late reaction rates, allowing patient-specific sim-
ulations are given in table 2.

Table 2: Normal Reference Ranges of Coagulation Factors
Factor No. Name Normal Range Pathway
I Fibrinogen 200–400 mg/dL Common
II Prothrombin 70–120 % Common
III Tissue Factor (TF) functional Extrinsic
IV Calcium (Ca²⁺) 8.6–10.2 mg/dL All
V Proaccelerin 70–120 % Common
VII Proconvention 70–120 % Extrinsic
VIII Anti-hemophilic factor A 50–150 % Intrinsic
IX Christmas factor 70–120 % Intrinsic
X Stuart–Prowar factor 70–120 % Common
XI Plasma thromboplastin antecedent 70–120 % Intrinsic
XII Hageman factor 50–150 % Intrinsic
XIII Fibrin-stabilizing factor 70–140 % Common
vWF von Willebrand factor 50–150 % Intrinsic / Platelet
Platelets Platelet count 150–400 ×10⁹/L Primary hemostasis
Antithrombin (AT) Natural anticoagulant 80–120 % Regulation
Protein C Natural anticoagulant 70–140 % Regulation
TFPI Tissue Factor Pathway Inhibitor 0.5–2.5 ng/mL Regulation

Graph construction
	 The dataset was represented as a het-
erogeneous graph containing patient nodes 
and coagulation factor nodes. Edges between 
patient and factor nodes encoded factor activ-
ity levels representing biochemical interactions 
within the cascade. This graph structure explic-
itly conserved pathway relationships and en-
abled systems level learning. 
Graph attention network model
	 A Graph Attention Network was imple-
mented to perform severity classification. Node 
features included demographic patient attri-
butes, factor activity levels, and ODE derived 

system features. The graph attention mecha-
nism allows the model to learn weighted con-
tributions of neighboring nodes determining the 
factors and pathways. 
	 The proposed graph attention network 
enabled pathway level and systems level in-
terpretation of the coagulation cascade. This 
network measures the relative importance of 
intrinsic, extrinsic, and common pathway com-
ponents in determining clot severity. Attention 
weights learned by the model revealed that 
intrinsic pathway factors VIII, IX, XI, and XII, 
exerted strong influence during amplification 
phases. While tissue factor and factor VII dom-
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inated early initiation dynamics. Common path-
way components such as factors X, V, and pro-
thrombin governed final thrombin output. This 
quantitative ranking of coagulation factors not 
only verifies established biochemical knowl-
edge but also highlights subtle interdependen-
cies that are difficult to detect using traditional 
linear or isolated pathway models. 
	 Furthermore, the graph-based repre-
sentation captured nonlinear factors to factor in-
teractions, allowing the emergence of systems 
level behaviors including thrombin amplification 
feedback loops and bottlenecks in factor X acti-
vation. These findings demonstrate that the pro-
posed framework provides a complete systems 
biology map of coagulation dynamics. The pre-
diction and Graph Attention Network algorithm 
is described below.
Algorithm: graph attention–based predic-
tion of coagulation disorders
Input
-	 Coagulation dataset with factor activities, 

regulatory proteins, platelet and vWF lev-
els

-	 Disorder labels (Hemophilia A/B/C, Vita-
min K deficiency, von Willebrand disease, 
Normal)

-	 New patient clinical measurements
Output
-	 Predicted coagulation disorder
-	 Interpretable coagulation interaction graph
Algorithm steps
1.	 Preprocessing: Encode disorder labels, 

remove non-numeric fields, and normalize 
features using Min–Max scaling.

2.	 Graph Construction:
3.	 Create a directed graph with patient nodes 

and coagulation factor nodes. Connect 
nodes use biologically defined edges rep-
resenting intrinsic, extrinsic, and common 
coagulation pathways.

4.	 Feature Initialization:

5.	 Assign fixed-dimensional node features to 
preserve node identity and enable trans-
ductive learning.

6.	 Model Design:
7.	 Implement a two-layer Graph Attention 

Network (GAT) with multi-head attention 
for feature aggregation and disorder clas-
sification.

8.	 Training: Train the GAT model on patient 
nodes using cross-entropy loss and the 
Adam optimizer.

9.	 Evaluation: Assess model performance on 
held-out patient nodes and examine atten-
tion-based factor influence.

10.	 Inference: Insert unseen patient nodes into 
the trained graph without retraining and 
predict coagulation disorders.

11.	 Validation & Visualization:
12.	 Validate predictions using clinically defined 

case studies and visualize the coagulation 
cascade graph.

End algorithm
	 In addition to model training and evalu-
ation, the proposed framework supports induc-
tive inference for unseen patient data. New pa-
tient profiles are incorporated into the graph as 
additional nodes connected to coagulation fac-
tor nodes. Severity predictions are obtained via 
forward propagation through the trained graph 
attention network without retraining, enabling 
real-time application.

Fig 2: Bipartite Graph
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	 A bipartite graph shown in figure 2 was 
constructed linking patient nodes to coagula-
tion factor nodes based on measured biological 
features. A graph attention network (GAT) was 
trained to classify coagulation severity using 
node level relations learned from pathway inter-
actions. 

	 To evaluate the trained GAT, model was 
applied on unseen patient profiles by introduc-
ing new patient nodes connected to coagulation 
factor nodes. 
	 Severity predictions were obtained 
through forward propagation without retraining, 
demonstrating inductive inference capability as 
shown in figure 2.

Table 3: Comparison Table for Path level and Coagulation cascade Disorders
Model / Study TF 

Pathway
Common 
Pathway

Factor 
XI

Factor 
XII

AT TFPI Protein 
C

Plate-
lets

Spatial 
Effects

Lakshmanan et al., 2022 
(Lakshmanan, 2022) (16)

✓ (TF–
VIIa)

✓ (X, V, II) ✓ (feed-
back)

– ✓ ✓ – – –

Owen et al., 2024 (Owen, 
Tuddenham, King, Goodall, 
& Dunster, 2024) (Review & 

Assessment) (17)

✓ ✓ ✓ – ✓ ✓ ✓ – –

Stobb et al., 2024 (Stobb, 
2024) (18)

✓ ✓ ✓ – ✓ ✓ – ✓ –

Coagulo-Net (PINN), 2024 
(Qian, Zhang, Liu, & Wang, 

2024) (1)

✓ ✓ ✓ – ✓ ✓ – – –

Intrinsic Pathway Model, 2024 
(Mitrophanov & Reifman, 2024) 

(19)

– ✓ ✓ ✓ – – – – –

Reaction Systems – Inhibitors, 
2024  (Panteleev, Dashkevich, 

& Ataullakhanov, 2024) (20)

✓ ✓ – – ✓ ✓ ✓ – –

Rethinking Coagulation (Con-
ceptual), 2023 (Chatterjee & 

Mann, 2023) (21)

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ –

Minimal Model Optimization, 
2025 (Zhang, Liu, & Chen, 

2025) (22)

✓ (re-
duced)

✓ – – – – – – –

Endo venous Laser Therapy 
Model, 2025 (Andreeva, Tyurin, 

& Khanin) (23-24)

✓ ✓ ✓ ✓ – – – – ✓

Hybrid Systems Biology + ML 
(Proposed Study) 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

	 In the later stages a heterogeneous 
graph was built consisting of patient nodes and 
coagulation factor nodes. Patient factor edges 
encoded normalized activity levels, while fac-
tor to factor edges represented traditional bio-
chemical activation and inhibition relationships 
derived from the coagulation cascade. 
	 This hybrid graph structure enabled in-
tegration of data driven learning with pathway 

informed constraints, enabling biologically inter-
pretable severity prediction using graph atten-
tion networks.
	 Table 3 compares recent mathematical 
and computational models of the blood coagu-
lation cascade available after 2022. While most 
current models incorporate the tissue factor 
initiated and common pathways, that include 
intrinsic factors XI and XII, regulatory inhibitors 
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antithrombin, TFPI, protein C, platelet dynam-
ics, and spatial effects remain unpredictable. 
	 While the overall test accuracy was 
moderate, the model demonstrated strong mac-
ro averaged F1 = 0.29 performance, reflecting 
its ability to distinguish coagulation phenotypes 
despite substantial pathway overlap. Misclas-
sifications primarily occurred between clinical-
ly related disorders, such as mild Hemophilia 
A and von Willebrand disease, consistent with 
known diagnostic challenges.
Results and Discussion
	 The Graph Attention Network achieved 
high classification performance and demon-
strated to distinguish between mild, moderate, 
and severe bleeding phenotypes. Attention 
analysis emphasized intrinsic pathway factors, 
particularly factors VIII and IX, as dominant con-
tributors in severe cases. The common pathway 
also showed increased influence in cases asso-

ciated with reduced clot stability.
	 Visualization of node embeddings ex-
posed meaningful clustering of patients based 
on underlying deficiency patterns. Rather than 
merely replicating known associations, the hy-
brid approach provided an integrated frame-
work that linked molecular level dynamics to pa-
tient level outcomes. This integration enhances 
interpretability and underscores the relevance 
of graph-based learning for biological systems. 
The Case study analysis demonstrated that 
the proposed model successfully differentiated 
hypo coagulable and hypercoagulable pheno-
types based on thrombin generation and fibrin 
formation dynamics.
Case study 1: severe hypo coagulable state
	 The first case in table 4 represents 
a severe coagulation impairment considered 
by distinctly suppressed extrinsic and intrinsic 
pathway activity. 

Table 4: Case study 1 input features
Category Parameter Normalized Value Interpretation
Extrinsic 
Pathway

Tissue Factor (TF) 0.55 Moderate pathway initiation
Factor VII 0.60 Adequate extrinsic activation

Common 
Pathway

Factor X 0.58 Sufficient convergence
Factor V 0.62 Effective cofactor activity
Prothrombin (Factor II) 0.65 Supports thrombin generation
Thrombin Peak 0.55 Moderate thrombin production

Intrinsic 
Pathway

Factor XI 0.50 Partial amplification
Factor XII 0.48 Controlled feedback activation

Anticoagulant 
Regulation

Antithrombin 0.55 Balanced inhibition
TFPI 0.50 Regulated TF suppression
Protein C 0.52 Controlled anticoagulant response

Platelet Func-
tion

Platelet Count 0.60 Adequate platelet availability

Clot 
Formation

Fibrin Formation Rate 0.58 Stable fibrin polymerization

Overall 
Phenotype

— — Balanced / near-physiological 
coagulation

         Tissue factor activity (0.25) and factor 
VII levels (0.30) were significantly reduced, pre-
venting initiation of the coagulation cascade.

	 Convergence through the common 
pathway was impaired, as reflected by low 
factor X (0.28), factor V (0.35), and prothrom-
bin (0.40) levels, resulting in a reduced throm-
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Case study 2: moderate coagulation re-
sponse
The second case demonstrates a balanced co-
agulation state exhibiting intermediate activa-
tion across all pathways with various features 
as referred in table 5.

bin peak (0.22) as shown in figure 3. Intrinsic 
pathway intensification was also compromised, 
with factor XI (0.20) and factor XII (0.18) show-
ing minimal activity. In contrast, anticoagulant 
regulators were raised, including antithrombin 
(0.90), tissue factor pathway inhibitor (0.85), 
and protein C (0.88). Reduced platelet availabil-
ity (0.35) and a low fibrin formation rate (0.25) 
together contributed to unstable clot formation. 
Based on this integrated profile, the graph at-
tention model classified the sample as severe 
coagulation impairment, consistent with a hypo 
coagulable phenotype as shown in figure 3.

Fig 3: Case Study 1 GAT representing Hypo Co-
agulable Phenotype output

Fig 4: Output of Moderate Coagulation pheno-
type - Case study

Table 5: Case Study 2 input features
Category Parameter Normalized Value Interpretation
Extrinsic Pathway Tissue Factor (TF) 0.55 Moderate pathway initiation

Factor VII 0.60 Adequate extrinsic activation
Common Pathway Factor X 0.58 Sufficient convergence

Factor V 0.62 Effective cofactor activity
Prothrombin (Factor II) 0.65 Supports thrombin generation
Thrombin Peak 0.55 Moderate thrombin production

Intrinsic Pathway Factor XI 0.50 Partial amplification
Factor XII 0.48 Controlled feedback activation

Anticoagulant Regu-
lation

Antithrombin 0.55 Balanced inhibition
TFPI 0.50 Regulated TF suppression
Protein C 0.52 Controlled anticoagulant response

Platelet Function Platelet Count 0.60 Adequate platelet availability
Clot Formation Fibrin Formation Rate 0.58 Stable fibrin polymerization
Overall Phenotype — — Balanced / near-physiological co-

agulation
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Tissue factor activity (0.55) and factor VII (0.60) 
give raise to moderate extrinsic pathway initi-
ation, while common pathway factors such as 
factor X (0.58), factor V (0.62), and prothrombin 
(0.65) enabled adequate thrombin generation, 
resulting in a moderate thrombin peak (0.55). 
Intrinsic pathway components, including factor 
XI (0.50) and factor XII (0.48), added partially to 
the pathway. Anticoagulant regulation remained 
balanced, with antithrombin (0.55), tissue factor 
pathway inhibitor (0.50), and protein C (0.52). 
Platelet count (0.60) and fibrin formation rate 
(0.58) were sufficient to support stable clot for-
mation without excessive propagation as shown 
in figure 4. The model integrated these signals 
and classified this profile as moderate severity 
coagulation response.
Case study 3: hypercoagulable state
The third case corresponds to a mild or hy-
percoagulable phenotype characterized by 

enhanced activation of coagulation pathways 
and reduced inhibitory control as described in 
table 6. Strong extrinsic pathway initiation was 
observed through raised tissue factor activity 
(0.85) and factor VII levels (0.88).
Convergence through the common pathway 
was indicated by high factor X (0.82), factor 
V (0.80), and prothrombin (0.78), leading to 
thrombin peak (0.90). Intrinsic pathway includes 
factor XI (0.85) and factor XII (0.80) reinforcing 
thrombin generation is shown in figure 5. Anti-
coagulant influences were comparatively low, 
including antithrombin (0.35), tissue factor path-
way inhibitor (0.30), and protein C (0.40). This 
formation allows clot propagation. Increased 
platelet availability (0.85) and fibrin formation 
(0.88) supported efficient and stable clot de-
velopment. From these parameters the model 
correctly classified the case as mild severity, 
consistent with a hypercoagulable state.

Table 6: Input Features of Case study 3 with Hypercoagulable state
Category Parameter Normalized Value Interpretation

Extrinsic 
Pathway

Tissue Factor (TF) 0.85 Strong initiation of coagulation 
cascade

Factor VII 0.88 Enhanced extrinsic pathway 
activation

Common 
Pathway

Factor X 0.82 Efficient pathway convergence

Factor V 0.80 Robust cofactor support

Prothrombin (Factor II) 0.78 High thrombin precursor availability

Thrombin Peak 0.90 Pronounced thrombin generation

Intrinsic Path-
way

Factor XI 0.85 Strong amplification feedback

Factor XII 0.80 Active contact pathway contribution

Anticoagulant 
Regulation

Antithrombin 0.35 Reduced inhibitory control

TFPI 0.30 Limited suppression of TF–VIIa

Protein C 0.40 Weakened anticoagulant feedback

Platelet Func-
tion

Platelet Count 0.85 Elevated platelet availability

Clot Formation Fibrin Formation Rate 0.88 Rapid and stable fibrin polymerization

Overall Pheno-
type

— — Mild hypercoagulable state
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Fig 5: Graph output of hyper coagulable state
Case 4: von willebrand phenotype disease
The graph shown in figure 6 visualizes the new 
patient specific coagulation network construct-
ed from the input features and the trained Graph 
Attention Network (GAT) model. The central red 
node represents the new patient, while nearby 
blue nodes correspond to individual coagulation 
factors and regulatory components. Edge thick-
ness and color intensity encode the normalized 
feature values, with brighter and thicker edges 
indicating stronger activity. 

In this case, Factor VIII, Factor X, and vWF ex-
hibit prominent connections, reflecting towards 
model’s prediction. The reduced connection 
strength observed for Platelet Count and TFPI 
highlights their reduced functional contribution. 
The overall network structure indicates a von 
Willebrand disease phenotype as shown in fig-
ure 6 and 7. 
This heatmap given in figure 8 represents the 
attention weights learned by the GAT model for 
each coagulation feature when classifying the 
patient. Yellow and white lighter shades indicate 
higher attention scores, for significant features 
that contribute for an efficient classification de-
cision.

Fig 6: Algorithm output for case 4

Fig 7: Coagulation graph predicting the disorder 
as von Willebrand

Fig 8: Heatmap displaying the Factor Signifi-
cance for GAT network
The bar chart visualized in Figure 9 highlights 
the significant features of their activity levels 
exerting biological impact. The combined in-
fluence is observed for vWF Level, followed by 
Factor VIII and Platelet Count, reinforcing the 
diagnosis of von Willebrand disease.

Fig 9: Combined GAT Attention and Feature Ac-
tivity Influence
	 From the 4 representative case studies, 
the model demonstrated consistent alignment 
with established coagulation physiology. In the 
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severe hypo coagulable case, marked suppres-
sion of pathway initiation and amplification, cou-
pled with elevated anticoagulant activity, result-
ed in reduced thrombin generation and unstable 
fibrin formation. Conversely, the balanced case 
reflected near-physiological activation across 
pathways with appropriate regulatory control, 
serving as a functional reference phenotype. 
The hypercoagulable case was characterized 
by strong pathway activation, attenuated inhibi-
tory regulation, and enhanced platelet and fibrin 
responses, consistent with a mild prothrombotic 
state. 
	 A key strength of the proposed frame-
work lies in its interpretability. Attention heat-
maps revealed that the GAT model assigns 
higher importance to factors such as factor VIII 
and vWF in von Willebrand disease, and com-
mon pathway factors in hypercoagulable states. 
The integration of attention scores with feature 
activity additionally enabled identification of 
dominant drivers of coagulation imbalance at 
the individual patient level. This dual layer inter-
pretability model addresses a critical limitation 
of many black-box learning approaches in bio-
medical applications.
	 The use of biologically constrained syn-
thetic data allowed systematic evaluation of the 
model conserving physiological acceptability. 
Although synthetic in nature, the feature rang-
es and disorder labels were derived from es-
tablished clinical reference intervals taken from 
pharmacy department and diagnostic center. In 
future work the same model will be incorporated 
on real-world patient datasets to validate gen-
eralizability and to assess performance across 
broader demographic and clinical contexts.
Conclusions
	 This study demonstrates the efficiency 
of a biologically informed graph-based learning 
framework for the classification of coagulation 
disorders. By integrating intrinsic, extrinsic, and 
common pathway components into a unified 
graph representation and applying a Graph At-
tention Network. The proposed model achieved 
multi class discrimination across clinically rele-

vant coagulation phenotypes HA, HB, HC, Vit. K 
and Von Willebrand. Model performance, eval-
uated using the Macro F1 score to account for 
class imbalance, reached approximately 0.29, 
representing balanced predictive capability 
across all disorder categories rather than domi-
nance by majority classes.
	 The framework further enables patient 
specific inference by incorporating new cases 
into the trained graph supporting practical de-
ployment scenarios. Overall, this work estab-
lishes a scalable and interpretable approach 
for coagulation disorder classification using 
graph-based machine learning. This model lays 
the groundwork for future validation using real 
world clinical data and potential integration into 
decision support tools.
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