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Background

Literature Review

Center variability in liver offer acceptance for the highest priority patients varies from 15.7% to 58.1% [2]. This reluctance significantly impacts patient survival, as a 5% absolute decrease in a center’s adjusted
acceptance rate correlates with a 27% increased odds of waitlist mortality [1]. Institutional rejection patterns are so varied that candidates are up to three times as likely to receive frequently declined grafts from older
donors by listing elsewhere [3][4]. Acceptance practices and the donor-to-candidate ratio independently cause geographic disparities in the median allocated MELD score. To address utilization issues, the OPTN
implemented the risk-adjusted offer acceptance rate ratio performance metric, which relies on predictive modeling using donor characteristics.

Dataset

The primary datasets for LiverMatch are from the Scientific Registry of Transplant Recipients (SRTR) Database and the Organ Procurement Transplantation Network (OPTN).

Our first dataset is the DECEASED_DONOR_DATA dataset, which details demographic and organ information from deceased organ donors. This dataset contains 308,308 datapoints with 539 total features and
covers individuals that have at least 1 organ recovered for transplant since October 1, 1987.

The data was initially broken into two separate files: the dataset as a .DAT and the respective labels as a .htm. This presented the first challenge with the data, where each dataset needed to be merged with their
labels to create human readable files.

The readable file is as shown below:

https://github.gatech.edu/pages/adulam3/Liver-Match/proposal
https://github.gatech.edu/pages/adulam3/Liver-Match/midterm
https://github.gatech.edu/pages/adulam3/Liver-Match/final
https://www.srtr.org/about-the-data/the-srtr-database/
https://optn.transplant.hrsa.gov/


Another important dataset is the LIVER_DATA dataset, which includes records for livers that have been registered for transplant or for the waiting list. The dataset includes demographic information of the donor of the
liver, and may not include waitlist information if the liver was listed immediately for transplant without being placed on the waiting list.

Once each dataset was processed and converted into a more readable state, the next challenge involved cleaning up messiness in the data. Numerous values were missing and were denoted with ‘.’, ‘Unknown’, or
‘U’. These values needed to be changed into NaN values for easier data processing and analysis later.

Problem Definition

Problem

The process of liver transplantation involves a sequence of offers for each donor organ, but transplant centers vary in their acceptance thresholds [2]. Some organs are accepted at the top of the match run, while
others cascade through multiple centers before being selected. This creates variability in allocation efficiency, and any delay in the process can result in viable organs expiring or reaching patients later than optimal,
increasing patient mortality. Graft Survial is the length of time a transplanted organ or tissue continues to function successfully in a recipient. To provide clarity to the liver transplant process, our work focuses on a
subproblem: characterizing donor liver profiles and evaluating how these profiles relate to graft survial outcomes.

Motivation

Eliminating this inefficiency in the liver allocation process reduces waitlist times, maximizes utility of donor organs, and increases allograft survival rates. By introducing a standardized prediction model, the project
shortens waiting times for scarce organs and can reduce the disparity in waiting times and geographical variability between different transplant centers [2][3]. Streamlining the selection process also reduces
operational costs and logistical burden on hospitals and organ procurement organizations.

A characterization of donor profiles can:

provide interpretable transplant cateogires to transplant centers
aid evaluation of donor organ quality
improve resource allocation decisions
surface relationships between donor attributes and graft survial risk.

The goal is to further understand donor risk to support future work in organ allocation strategies.

Methods

Data Preprocessing:



File Merging: Combiend .DAT files with .htm lables
Converted unknown values (‘Unknown’, ‘U’, ‘.’) with NaN values to standardized processing
Removing rows with age < 12
Categorical encoding: applied one-hot encoding to cateogical methods
Feature Slection: Clinically Relevanat features in OPTN/SRTR literature and prior work [6]
Exploratory Data Analysis

Donor Characterization (Unsupervised):

This step essentially allows us to create a taxonomy of donor liver profiles given the features in our dataset. This step is important because moving forward creating profiles for donors will be simpler than rows of
numbers that summarize to a meaningful profile.

The procedure of creating these profiles consists of:

1. Exploratory Data Analysis
2. Clustering: We used DECEASED_DONOR_DATA dataset with the below features

Rationale:

K-Means is a fast baseline for exploring donor phenotype sepration. Phenotype is the set of observable characteristics or traits of an organism, resulting from a combination of its genetic makeup (genotype) and
environmental factors.
GMM allows for soft assignmenets, which is importatnt sence donor cateogiries are rarely seperatble in biomedical data.

Selection Criteria:

For Kmeans, we used the elbow method to identified the best number of clusters (k) in range from 1 to 10.
For GMM, we tested for k in range from 2 to 10, each test is ran 5 times and used 1000 samples to compute the Silhouette score. As a result, we chose k that is associated with the best Silhouette score.

Donor Cluster Classification (Supervised):

We trained a feed-word neural network to predict cluster labels from donor features.

Rationale:

High classification accuray shows real structure

1. Model: We used LIVER_DATA dataset with the below features taken from [6]

Graft Survial Modeling (Supervised):

We used two models that are famous for predicting risk (graft-failure) which are Random Forest Regression for single value prediction and Random Forest Survival for time-varying value prediction.

Rationale:

Random Forset Regression is great for continous estimators
Random Forest Survival is for centorsing and provide risk scores plus survial curves.



Results and Discussion

Donor Clustering:

GMM vs K-means

GMM with k=2 was the best silhouette scores and produced clusters that seperable by neural network (97.7% accuracy). Reflects donor phenotypes.

K-means with k=3 yieled near perfect acccuarcy with non-converging loss, meaning clusters did not represent real donor variation.

Silhouette Score Evaluation: We choose k = 2

Neural Network training process:

Epoch 40/40, Train Loss: 0.0857, Validation Loss: 0.0564, Accuracy: 97.68%

Reports:



              precision    recall  f1-score   support

           0       0.98      0.99      0.99    210262
           1       0.95      0.91      0.93     32558
           2       0.96      0.84      0.89      6016
           3       0.96      0.78      0.86       505
           4       0.97      0.96      0.96     23478

    accuracy                           0.98    272819
   macro avg       0.97      0.89      0.93    272819
weighted avg       0.98      0.98      0.98    272819

Based on report, precision, recall, and f1-score, the model performed best on cluster 0 and worst on cluster 3. Overall, the model performed well since for the cluster with the worst performance, precision = 0.96,
recall = 0.78, and f1-score = 0.86 which is all above 0.5

Cluster Classification:

GMM labeling is reliable cluster assignment method since the clustering was consistent with real structure, while k-means was near perfect.

Classification with model assigned by K-Means:

Elbow Evaluation: We choose k = 3

Neural Network training process:



Epoch 40/40, Train Loss: 0.0462, Validation Loss: 0.0112, Accuracy: 99.71%

Reports:

              precision    recall  f1-score   support

           0       0.99      1.00      1.00     98598
           1       1.00      1.00      1.00     75429
           2       1.00      0.99      1.00     98792

    accuracy                           1.00    272819
   macro avg       1.00      1.00      1.00    272819
weighted avg       1.00      1.00      1.00    272819

Based on the report, precision, recall, and f1-score, the model performed equally well on all 3 clusters. Overall, the model performed well since all clusters have precision, recall, and f1-score closed to 1. However, we
believed the model is not reliable because based on the training process, the model doesn’t learn effectively (loss value doesn’t converge).

This was not the case for GMM labeling, so moving forward we will stick with the GMM algorithm.

Graft Failture Modeling

As a next step, we want to predict the time it takes for the Graft to fail, if it does. This is denoted as GTIME in the dataset.

However, the problem is that after pre-processing, only 419 data points are left. However, we still proceed with training the models.



First off, we decided to use a Random Forest Regression model for this regression task. However, we did not get good results. The model was overfitting and no matter the amount of hyperparameter tuning, the best
RMSE score we got is 1045.6074. This is not effective so we decided to move on from this model.

Secondly, we decided to use Random Forest Survival model to output the risk score for the livers. The model performed well, with the concordance index (C-index) of approximately 0.9159 (the higher the better and
highest is 1).

Next, we visualized the results by drawing a Kaplan-Meier Survival Curves by grouping livers into 3 categories: High-risk (28 livers with highest risk scores), Medium-risk (the next 28 livers with highest risk scores),
and Low-risk (28 livers with lowest risk scores.)

To be more confident, we redo the graph but this time we categorized livers using MELD score. One issue with this approach is that the test set is slightly imbalanced.



We can see that now the difference is not significant anymore between the three categories. However, the Low-MELD group still performed better than the other two groups for the initial period. This can be explained
as the MELD is only considered effective in the first 3-months (see this article for more information https://www.gastrojournal.org/article/S0016-5085(03)50038-5/fulltext)

Lastly, we tested the model against the GMM-labeled groups. Surprisingly, the test set is significantly imbalanced. Below is the number of livers that are labeled 1 and those that are labeled 0.

Here is the Kaplan-Meier Survival Curves:

Next Steps

Donor Characterization:

We plan to explore the centroid-based clustering methods that improve on current deep neural network-based K-means approaches [5], aiming for more meaningful patient groupings. Inaddition, We will also consider
using longitudinal features to observe the patient conditions over time. We hope that by doing this, we can gain more insights into the dataset.[6]

Gantt Chart

See our Gantt Chart here.

Contributions

https://docs.google.com/spreadsheets/d/1py8DXMx_iEBnBhxiqcMj-TPJEZLyr7Wt/edit?usp=sharing&ouid=112030614885258462400&rtpof=true&sd=true


Name Contribution

Thinh Donor characterization model, Model Training, Analysis, Results

Arjun Recipient Profiling, Analysis, Results

Alex Center Profiling, Data cleaning, Analysis, Results

Jordan Website, Final Presentation, Model and Hyperparameter Debugging, Final Report

Kim Phuoc Donor characterization model, Model Training, Analysis, Results
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