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Liver disease is responsible for a substantial burden of morbidity and mortality worldwide, with cirrhosis and its
complications accounting for a large proportion of deaths in young and middle-aged adults. Clinical decision making for
advanced liver disease must address two key questions: how sick the patient is at a given point in time, and whether a suitable

Abstract: Liver disease being a major global health problem, with millions of patients
progressing to final-stage liver failure and limited pool of donor organs[6]. Existing models for
liver transplant decision-making, such as the MELD score, rely on a small number of
biomarkers, do not fully capture disease complexity, and do not integrate imaging or automated
donor— recipient matching([7]. This leads to delayed decisions, fragmented workflows, and
potential inequities in organ allocation.This paper presents Orgdan, a human-centered, web-
based platform that integrates liver risk assessment, automated medical image analysis, and
intelligent donor—recipient matching into a single decision-support system optimized for
practical clinical use.Orgdan combines three core components: (1) An eight-biomarker risk
scoring model built from the Indian Patient Liver Disease (IPLD) dataset using logistic
regression-derived weights[3] [5] (2) A lightweight computer vision pipeline for semi-
automatic liver segmentation from CT and MRI scans using classical image processing [4] and
(3) An Al-assisted donor matching module based on a ternary tree structure and Grey Wolf
Optimization (GWO) tuned Random Forest, SVM and XGBoost [14]. Performance was
evaluated using risk classification metrics, segmentation overlap scores, donor matching
accuracy, and comparison with the MELD score. The biomarker-based risk model achieved an
overall accuracy of 92% in classifying patients into low, medium and high liver risk categories,
with a low false negative rate for high-risk patients. The liver segmentation module reached a
mean Intersection over Union (loU) of 0.87 and Dice coefficient of 0.93 across 50 CT/ MRI
scans, with average processing time of 2.3 seconds per image on a standard workstation. The
GWO optimized donor matching framework attained an Area Under the ROC Curve (AUROC)
of 0.92, with 85-90% accuracy across tuned models, outperforming the traditional MELD-
based baseline (AUROC 0.68). Orgdan demonstrates that a humanized, interpretable, and
computationally efficient Al platform can augment clinical decision making in liver disease by
bringing together risk scoring, imaging, and donor matching [13]. Compared with MELD,
Orgdan uses twice the number of biomarkers, provides transparent explanations for
predictions, and automates several currently manual steps. Future work will focus on validation
using real transplant registry data, deeper integration into hospital information systems, and
enhancement of the imaging module with advanced segmentation networks [11].

Keywords: Liver transplantation, Risk assessment, Grey Wolf Optimization, Medical
image segmentation, Donor—recipient matching, Clinical decision support, Web-based platform

LINTRODUCTION

donor organ can be identified and allocated safely and fairly.

At present, transplant decisions often rely on the MELD score, which uses four laboratory parameters . Although
widely used, MELD has several limitations. It provides only a coarse snapshot of disease severity, may disadvantage certain
patient subgroups, and does not directly incorporate imaging findings or longer-term predicted outcomes after transplantation.
In parallel, clinicians work with separate systems for laboratory results, radiology imaging, and organ allocation, which

increases workload and makes it harder to maintain a holistic view of each patient.
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In recent years, machine learning (ML) and computer vision have been explored in hepatology and transplantation
research for outcome prediction, risk stratification, and organ allocation [10]. However, many of these solutions focus on a
single component:for example, only disease prediction or only donor:recipient prediction:and frequently rely on opaque,
black box deep learning models that can be difficult to interpret and deploy in resource-constrained settings
In this context, we designed Orgdan as a humanized, integrated platform that aims to complement existing clinical workflows
rather than replace them. The system brings together three commonly separated streams of information: (1) Blood-based
liver

function markers [5], (2) Structural information from CT/MRI images, and (3) Donor and recipient demographic and
compatibility features. By combining interpretable models, efficient algorithms, and a web-based interface, Orgdan seeks to
support more transparent and timely decisions for patients with advanced liver disease.

II. MATERIAL AND METHODS
System Design and Overall Architecture
The presentation layer as a responsive web interface, allowing clinicians to enter patient details, upload imaging
studies, and review risk and matching results. The application logic layer built using a Flaskbased REST API that orchestrates
the risk scoring, image processing, and donor matching modules. The data layer includes structured datasets for donors and
recipients, preprocessed IPLD biomarker records, and serialized ML models.

Multi-Modal Liver Organ Matching System Architecture

Enhanced with Grey Wolf Optimization Algorithm
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Figure No. 1: Orgdan system architecture: Three-tier architecture showing the frontend presentation layer
(HTML5/CSS3/JavaScript), backend application logic layer (Flask REST API with ML Engine integrating SVM, Random
Forest, and XGBoost classifiers), and data persistence layer (CSV datasets for 200 donors, 200 recipients, and trained model
storage). Bidirectional arrows indicate RESTful API communication between layers.

Data Source: Three primary data sources were used in the development and evaluation of Orgdan:

Biomarker dataset: A publicly available Indian Patient Liver Disease (IPLD) dataset was used to derive weights for
the biomarker-based risk score using logistic regression. The dataset contains multiple serum markers associated with liver
function.

Imaging dataset: A set of 50 CT and MRI scans containing liver regions was used to develop and assess the
segmentation pipeline. Ground truth masks were generated or curated via manual annotation for evaluation

Donor and recipient datasets:Each record includes age, blood group, approximate liver size or required graft size,
urgency category, MELD score and geographical location.

Biomarker-Based Risk Scoring

Biomarker selection: Based on clinical literature and practice, eight commonly used liver-related laboratory markers were
selected for inclusion in the risk score: total bilirubin,alkaline phosphatase, direct bilirubin, alanine aminotransferase
(ALT),total protein, aspartate aminotransferase (AST), albumin, and albumin-to-globulin (A/G) ratio. For each biomarker,
normal reference ranges were identified and logistic regression was used to estimate its contribution to predicting liver
dysfunction within the IPLD dataset[3].
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Biomarker Normal range Unit Relative weight
Bilirubin (Total) 0.1-1.2 milligram/dL low
Bilirubin (Direct) 0.0-0.3 milligram/dL moderate

Alkaline Phosphatase 44-147 Units/L low
ALT 7-56 Units/L highest
AST 10-40 Units/L moderate
Total Proteins 6.0-8.3 gram/dL low—moderate
Albumin 3454 gram/dL moderate
A/G Ratio 1.0-2.1 - Low

Table no 1 : Biomarkers used in the Orgdan risk score with normal ranges and indicative weights. [5].
ALT received the highest relative weight, reflecting its sensitivity to hepatocellular injury, while other parameters contributed
proportionally to the final score.

Risk score computation and categories: For each patient, the deviation of each biomarker from its normal range is first
normalized. Biomarkers that are expected to remain low in healthy individuals (such as bilirubin and transaminases) and
those expected to remain high (such as proteins and albumin) are treated appropriately. The individual contributions are then
aggregated into a final score between 0 and 100, where larger values indicate greater deviation from normal liver function.

For biomarkers that should be low (like bilirubin and enzymes):

x;—h; .
s; = max; — h;
0 otherwise
For biomarkers that should be high (like proteins and albumin):
[, — x; .
—  ifx; <[,
5; = l; — min;
0 otherwise

xi is the result of the test of the patient, [/;, /;]is the range of norms, and The maximum and minimum values that we came
across in our data are [min;, m a x;](for normalization)
The risk (final) score is :

8
R =100 x Zwi . Clip(Sl', 0, 1)
i=1

w; is obtained in Table 1 and the clip function holds everything in check 0 and 1.
For clinical interpretability, the continuous risk score is divided into three categories:
e  Low risk: score 30 (liver functions within or close to normal limits)

e Medium risk: 30 < score 60 (early or moderate liver dysfunction)

e High risk: score = 60 (significant liver dysfunction, potential transplant candidate)

Liver Image Segmentation:

Pre-processing:

When a CT or MRI scan is uploaded, the image is first converted to grayscale and smoothed using a Gaussian filter to
reduce noise while preserving key anatomical edges [4]. This step helps stabilize downstream thresholding and contour
detection.

Step 1: Convert to Grayscale

Igray= 0.587G + 0.299R + 0.114B

It is the conventional color to grayscale conversion formula. It weights the green channel, more because the green color is
the most sensitive color to the human eye.
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Step 2: Apply Gaussian Blur

Iblur: ]gray * Go

We use a 5x5 Gaussian kernel with ¢ = 1.0. This removes noise but maintains the important edges intact.

Adaptive Thresholding

We apply adaptive instead of single threshold value of the entire image thresholding which varies with local neighbourhoods:

255 if Iy, (x.y) > T(x.)

]rh esh (x5 v) =
e 0 otherwise

The threshold T(x, y) is estimated as the weighted 11 by Gaussian mean of an 1111 neighborhood = 2 minus a constant C = 2.
This is more effective than global thresholding where there is a change in brightness of the images.

Liver Region Extraction
The entire segmentation process is presented step by step in algorithm 1.

Algorithm 1 Liver Segmentation Algorithm

Require: Tmage /;, .

Ensure: Segmented liver mask M;; ., , metrics

1:1,,,, = RGB2GRAY([;,,, )
2: Iy, = GaussianBlur(,, 4, 5 X 5,6 = 1.0)
3: 1,0 = AdaptiveThreshold(/,;,,, 11,2)

4: contours = FindContours(f,,, ..,)

5:C,.c=arg max  Area(C)
) Cecontours

6: My;, ., = FillContour(C,,,,,)
7: Ajiver = ContourArea(C,,, )
8: A, = width x height

A:’i\’w
9: Pliver = 100X —
total

10: return Mﬁver’ A:’f\’w” Pliver

The main assumption lies in the fact that the greatest contour in the picture is associated with the liver. This is very helpful
wherein the CT/MRI scan is appropriately positioned so that the liver is in focus region.
Segmentation pipeline

Because Orgdan is designed to run on ordinary clinical workstations without dedicated GPUs, a classical image processing
approach was adopted instead of deep neural networks. Adaptive thresholding is applied to separate potential liver regions
from the background, and contours are extracted. The largest anatomically plausible contour is selected as the liver candidate,
and a binary mask is created by filling this contour.

Segmentation quality is evaluated using Dice coefficient,Intersection over Union and pixel-wise accuracy, comparing the
predicted liver mask with the reference mask.

Donor—Recipient Matching Strategy:

Compatibility features: To compute a donor—recipient compatibility score, Orgdan considers six clinically
meaningful dimensions:

Blood group compatibility

Age difference between donor and recipient

Liver size match (donor liver size vs. recipient requirement)

Geographical proximity (e.g. same state)

Clinical urgency level of the recipient

Recipient risk score from the Orgdan biomarker model

Blood group compatibility receives the highest weight, reflecting its absolute necessity in transplantation. Size compatibility
and age difference have substantial influence, while geographical proximity, urgency and risk score refine the ranking [§]
[10].
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Ternary tree structure:

To efficiently search through candidate matches in larger registries, Orgdan uses a ternary tree data structure. Each donor
node has three child branches corresponding to low, medium and high urgency recipients. This design enables near log-
time search over large recipient lists and facilitates fast retrieval of the best-ranked matches for each donor or vice versa.

Grey Wolf Optimization for model tuning:

Random Forest, Support Vector Machine and XGBoost are used to classify donor—recipient pairs as compatible or
incompatible based on the above features. Hyperparameters of these models are optimized using GWO model aspired
from the hunting tactics of grey wolves [1].

GWO maintains a vector of possible candidate solutions,iteratively updates their positions with respect to three leading
solutions (alpha, beta and delta wolves) to balance exploration and exploitation in the hyperparameter search space [12].

Dataset

Preprocessing
(Scaling, Encoding)

Cleaned Data

Feature Selection

ﬁelected Featur&Selected Features

Logit Model Ensemble Model

/@@erparam Tuning Np:rparam Tuning

Ant Colony Optimization (ACO) Grey Wolf Optimizer (GWO)

Wed LR Mzed RF

Evaluation Metrics
(Accuracy, F1, AUC)

Figure No. 2: GWO-driven hyperparameter optimization protocol flowchart for donor-recipient matching classifiers. The workflow
begins with population initialization (30 wolves representing hyperparameter configurations), proceeds through iterative fitness

evaluation using 5-fold cross-validation AUROC on training data, updates wolf positions based on alpha, beta, and delta guidance, and

terminates after 50 generations or convergence.

Model fitness is measured using 5-fold cross-validated AUROC on the training data, and the best configuration is
selected for final evaluation. Position updating equations: The subordinate wolves change their location according to the
top three leaders:

S
P(k+1):2T
=1

P =P, — B x|Dyx Py - P|

Py =P — Byx |D; x Py - P|
The trade-off between exploitation and exploration is controlled by the regression coefficients:
b=2-2xk/K,,,
D=2xs,
B=2bxs —b
In this case, iand ; are random numbers that are distributed uniformly from [0 to1] and b is linearly reducing to 0
when iterations

are increasing. This ensures that the algorithm starts with a general search and then progressively moves towards
narrowing down the search optimal solutions.
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Grey Wolf Optimization for Hyperparameter Tuning
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Figure No. 3: Grey Wolf Optimizer social hierarchy and optimization workflow for hyperparameter tuning. The optimization process
iteratively updates wolf positions through encircling and hunting mechanisms to maximize classifier performance (AUROC) for donor-
recipient matching.

III.LRESULTS
Performance of Biomarker-Based Risk Scoring:

0.005 0.007

0.015

Importance

Figure 4 illustrates the relative importance of various biochemical markers used in the proposed risk scoring model. The
overall classification accuracy was 92%. Notably, the false negative rate for high risk patients was low, indicating that
patients with severe liver dysfunction were rarely misclassified as lower risk. This is important for avoiding missed transplant
candidates

The proposed risk scoring algorithm was evaluated on 583 records from the IPLD dataset. Table 2 summarizes the
precision, recall and F1-scores for each risk category and overall performance
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Category Precision Recall F1-score
Low risk 0.94 0.96 0.95
Medium risk 0.89 0.87 0.88
High risk 0.93 091 0.92
Average 0.92 0.91 0.92

Table no 2: : Performance of Orgdan risk scoring model on liver risk categories.

Liver Segmentation Accuracy:

The segmentation pipeline was tested on 50 CT/MRI scans. Table 3 presents the main quantitative metrics.

Metric Mean Std. dev. Min Min

IoU 0.87 0.09 0.68 0.96

Dice coefficient 0.93 0.05 0.81 0.98
Pixel accuracy 0.96 0.03 0.88 0.99
Processing time (s) 23 0.7 1.5 4.1

Table no 3 : : Liver segmentation performance on CT/MRI scans (n = 50)

Each image was processed in a few seconds on a standard CPU-only machine, which is suitable for many hospital
environments where GPU resources are limited.

Donor Matching Performance and Comparison with MELD

Table 4 compares the AUROC, accuracy, precision and recall of classifiers tuned with GWO against grid search and random
search optimization. The focus was on predicting clinically acceptable donor— recipient matches.

Model & Optimizer AUROC Accuracy Precision Recall
SVM + GWO 0.86 0.83 0.84 0.81
Random Forest + GWO 0.89 0.86 0.87 0.85
XGBoost + GWO 0.92 0.89 0.90 0.88
XGBoost + Grid Search 0.88 0.85 0.86 0.84
XGBoost + Random Search 0.89 0.86 0.87 0.85
MELD-based baseline 0.68 0.65 0.66 0.64

Table no 4 :Comparison of GWO with grid search and random search for donor matching classifiers

Across models, GWO achieved higher AUROC with shorter optimization time than grid search and random search. The best-
performing configuration:an XGBoost classifier tuned with GWO:reached AUROC 0.92, substantially higher than the
MELD- based baseline, which achieved AUROC 0.68 for the same task.

System Response Time
End-to-end performance of the web application was profiled using representative workloads. Table 5 summarizes key timings

Operation Average Response Time Throughput (approx.)
Risk score calculation 85 ms 12 requests/s
Image segmentation 23s 0.4 requests/s
Donor match search 420 ms 2.4 requests/s
Eligibility check 95 ms 10.5 requests/s
Statistics query 45 ms 22 requests/s

Table no 5 :End-to-end response times for core operations in Orgdan.
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All operations, including image processing, completed within a clinically acceptable threshold of 3 seconds, and risk
scoring and donor matching were near-instant for end users.

IV. DISCUSSION
This study demonstrates that an integrated, human-centered Al system can support several critical steps in the liver transplant
care pathway: quantifying disease severity, analyzing imaging, and matching donors with recipients. By combining
interpretable models, classical image processing, and modern optimization techniques within a single platform, Orgdan
addresses several limitations of existing fragmented workflows.
Interpretability and Trust:
A major barrier to adoption of Al systems in healthcare is the lack of transparency. Orgdan has been consciously designed to
avoid functioning as a pure black box. For the biomarker risk score, clinicians can view how far each biomarker lies from
the normal range and the relative contribution of each marker to the final risk category. Similarly, for donor matching, the
system displays not only an overall compatibility score but also the sub-scores for blood type, size, age difference, geography,
urgency and risk level. [9].
Comparison with MELD and Existing Practices:
When compared with the MELD-based baseline, Orgdan offers several advantages. First, it uses eight biomarkers instead of
four, providing a richer representation of liver function. Second, it incorporates aspects that MELD does not directly address,
such as organ size matching and spatial proximity between donor and recipient. Third, it automatically analyses CT/MRI
images, which are otherwise interpreted manually and not integrated quantitatively into many allocation decisions. The
improvement in AUROC from 0.68 (MELD-based) to 0.92 (GWO-optimized XGBoost) for donor matching suggests that an
enriched feature set combined with tuned ML models can provide more discriminative power. At the same time, Orgdan
retains the interpretability usually associated with simpler scoring systems by exposing intermediate calculations.
Limitations:
The donor and recipient datasets used in this work require validation on large-scale, real-world transplant registries. The risk
model is based on cross-sectional data and does not yet capture temporal evolution of disease. In the segmentation pipeline,
certain cases with atypical anatomy or poor image quality may challenge the contour-based approach. Finally, issues related
to bias, equity, and ethical allocation must be carefully examined before deployment.

Future Scope:

Future enhancements of OrgDaan will focus on validating the system’s predictions using real transplant outcome data from
national and international registries, enabling more robust generalization across diverse patient populations. In addition,
incorporating temporal modeling will allow the platform to track disease progression over time and simulate alternative
transplant scenarios, improving longitudinal decision support. The imaging module can be further strengthened by integrating
advanced segmentation architectures such as U-Net and its modern variants to achieve more precise liver boundary extraction
while preserving reasonable computational efficiency. Finally, implementing federated learning frameworks will support
multi-center collaboration by enabling collective model training across hospitals without the need to share raw patient data,
thus enhancing both performance and data privacy.

V.CONCLUSION
Orgdan is a Grey Wolf optimized, AIML-powered platform that brings together biomarker-based liver risk scoring, quick
liver segmentation, and intelligent donor—recipient matching into a single, practical web application. The system achieves
high accuracy in risk categorization, competitive segmentation performance with fast execution, and significantly improved
donor matching performance compared with a MELD-based baseline.
By emphasizing interpretability, responsiveness and integration, Orgdan has the potential to complement clinical judgment,
help standardize complex decisions, and ultimately contribute to more timely and equitable liver transplant care.
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