www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Machine learning enhanced
immunologic risk assessments for
solid organ transplantation

Eric T. Weimer'™ & Katherine A. Newhall?

The purpose of this study was to enhance the prediction of solid-organ recipient and donor crossmatch
compatibility by applying machine learning (ML). Prediction of crossmatch compatibility is complex
and requires an understanding of the recipient and donor human leukocyte antigen (HLA) alleles and
recipient HLA antibodies. An HLA allele imputation system that converts HLA antigens to alleles

was developed to enhance the prediction’s performance. The imputed and known HLA alleles were
combined for recipient and donor with a recipient’s HLA antibody profile. After processing, donor-
specific antibodies were input into various ML models. Next, an ML model was developed and
characterized based on determining donor-specific antibodies using the full HLA antibody profile of the
recipient without laboratory interpretation. The models achieved an ROC-AUC of 0.975. These results
demonstrate that the models can predict crossmatch reactivity and yield insight into the importance of
specific HLA antibodies in the transplant-matching process. These data represent our understanding of
personalized histocompatibility risk assessments.

Solid-organ transplantation is a life-saving treatment for many patients with chronic diseases. Currently,
more than 114,000 patients are waiting to receive an organ. Kidney transplants are the most common type of
transplant worldwide, with over 27,332 performed in the United States in 2023, representing a 7.18% increase
from 2022. Advances in transplantation have reduced the risk of hyperacute allograft rejection by assessing a
recipient’s HLA antibody status and using physical crossmatching. Physical crossmatching is a test that examines
the interaction between a recipient’s serum and the donor’s lymphocytes. A positive reaction indicates pre-
existing immunity to the donor, usually due to pre-formed anti-HLA antibodies, and is generally considered a
contraindication for kidney transplant!.

A virtual crossmatch (VXM) requires at a minimum knowledge of a recipient’s HLA antibody status and
HLA genotyping for both the recipient and donor?. These factors and others are used to determine the relative
immunologic risk of a potential transplant pair. Current practice is to further evaluate pair compatibility by
a physical flow cytometric crossmatch (XM) involving the recipients serum and the donor’s lymphocytes (T
and B cells) to identify potential hyperacute allograft rejection®®. Both the virtual and physical crossmatches
are time-consuming, as they are largely done by hand, leading to increased ischemic organ time. Additionally,
the demand for VXM has dramatically increased recently due to changes in the deceased donor service area,
as a potential deceased donor is available for a larger pool of recipients™!°. Within the transplant community,
there is active debate about the use of VXM, the need for physical crossmatching, and the use of HLA eplets in
matching or organ allocation. There have been attempts to devise various models to understand the complex
relationship between HLA antibodies and their respective targets on donor cells!!~!>. Previous work has shown
that manual VXM correctly predicts 89-97% of flow cytometric crossmatches”!16-1°. However, that number is
drastically lower for highly sensitized patients”!°. Our previous work established that mathematical modeling
could yield powerful insights into crossmatch prediction and transplant biology'!. However, to enable a deeper
understanding of transplant immunologic compatibility more advanced methods are required. For example,
several studies have shown that donor HLA expression impacts physical crossmatch outcomes®*2!,

Machine learning (ML) is well suited for complex biological interactions in which patterns are not readily
observable, and mechanisms are not fully characterized. Currently, most studies have applied ML to six areas
of transplantation: radiological or pathological evaluation, prediction of allograft survival, immunosuppression
optimization, diagnosis of allograft rejection, or prediction of early allograft function??-2*, The immunologic
complexity of transplant pairs, therefore, lends itself to ML. There are numerous interactions between a recipient’s
immune system and the donor organ. Some of the known interactions include HLA antibodies, HLA genotype,
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donor HLA expression, HLA antibody avidity, and HLA eplets. By combining ML with these known biological
connections, observations previously poorly understood can be identified. This is particularly important for the
application of HLA antibodies in the context of pre-transplant risk assessments.

To yield deeper insights into immunologic compatibility, we have developed and evaluated a digital
alloimmune risk assessment (DARA) tool that utilizes machine learning with HLA antibodies to predict physical
crossmatch compatibility. As the optimal determination of donor-specific antibodies (DSA) requires high-
resolution HLA typing for both the recipient and donor?®, our DARA tool includes an HLA allele imputation
system to determine HLA alleles (if unknown) from HLA serologic-level typing. It also consists of the estimation
of physical crossmatch outcomes using machine learning models. This approach modernizes the current standard
of care approach of using curated recipient HLA antibody profiles and the HLA genotype of the potential donor.

Results

Overview of machine learning models

To develop an unbiased, independent algorithm for crossmatch prediction, we analyzed flow cytometric
crossmatches (XM) performed at UNC Hospitals from January 2015 to June 2024. XM cases with unexplained
results or known false reactivity were excluded from the study (see “Materials and methods” for detailed
exclusion criteria).

Our HLA antibody model automatically detected donor-specific HLA antibodies (DSAs) from the complete
HLA antibody profile of each recipient. The mean fluorescence intensities (MFIs) of these allele-specific DSAs
were used as features for machine learning (ML) training. Multiple ML models were evaluated, with the model
yielding the highest custom metric score selected for subsequent comparative analyses.

For model training, we implemented the following:

1. Data Split: 75% of the XM cases were used for training, stratified based on recipient and XM result. This ap-
proach maintained a consistent ratio of positive XM between the training and test sets (Fig. 1). This approach
also prevented any data leakage based on the recipient HLA antibodies and maximized data usage.

2. Training Dataset: The HLA antibody model was trained on 9,892 XM cases, comprising of:

o 9292 negative cases (93.93%)
« 600 positive cases (6.07%)

3. Cross-Validation: To prevent overfitting, five-fold cross-validation was used during model fitting and while
testing various hyperparameter sets. Early stopping was used where appropriate.

4. Hyperparameter Selection: The hyperparameter set yielding the highest custom metric score was selected for
the final model.

5. Threshold Optimization: Using the established hyperparameters, the optimal threshold for the f1-weighted
score was determined. This optimized threshold was then applied in subsequent analyses.
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Fig. 1. Overview of machine learning (ML) models. The ML models begin with HLA allele imputation for
either recipients or donors. The imputed HLA alleles are then used to determine donor-specific antibodies
(DSAs) in the HLA antibody model. The HLA antibody mean fluorescent intensity (MFI) is identified using
the donor-specific HLA alleles from single-antigen bead testing and used to generate an HLA antibody scoring
matrix. The scoring matrix used for ML training (75% of total data) using the optimal hyperparameters that
generated the highest custom scorer using five-fold cross-validation. Each trained ML model was tested with
an independent dataset (25% of data) using their optimal parameters to determine the positive crossmatch risk.
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Effect of HLA allele imputation on ML model performance

To enable use of historical data, HLA allele prediction ML models were developed. The models are specific to
each HLA locus and yielded an internally validated average two-allele accuracy of 91.4%, greater than 99%
with at least one allele accuracy (manuscript in process). To assess the impact of HLA allele-level prediction on
the performance of our HLA antibody ML model, we compared model performance with and without HLA
imputation. The results of this comparison are summarized in Table 1. Imputation led to a decrease in the HLA
antibody model’s sensitivity by 6.3 percentage points (from 78.9 to 72.6%). There was no effect on the specificity.
The Brier score loss decreased from 0.059 to 0.026 with imputation, indicating an increase in overall prediction
performance. These observations are consistent with previous manual assessments of the impact of recipient and
donor HLA alleles on donor-specific antibody evaluation and assignment. Together, these results support that
the imputation accuracy does not detrimentally affect the accuracy of the downstream ML model.

HLA antibody machine learning model characteristics

To address the imbalance in our dataset, where negative crossmatch (XM) results significantly outnumbered
positive ones, we employed various sampling techniques. These techniques were applied only to the training
data, while all models were evaluated using the same unmodified test data to ensure fair comparison. Synthetic
Minority Oversampling Technique (SMOTE) was used to generate synthetic samples within the minority
class (positive XM results). SMOTE creates new, synthetic examples in the feature space of the minority class,
effectively increasing its representation in the dataset?’. Random Undersampling randomly downsamples the
majority class (negative XM cases). By reducing the number of negative XM cases, the technique aims to balance
the dataset and potentially improve the model’s ability to identify positive cases?.

Figure 2 illustrates the performance of the models under different sampling conditions. Overall, model
performance was consistent across all the sampling techniques as evident by the similar shapes of the detection
error tradeoff (DET) and precision-recall curves. These data indicates that the original model was relatively
robust to class imbalance.

HLA antibody-based machine learning model

Having established the overall performance of our HLA antibody-based machine learning model, we next
sought to understand how individual HLA antibodies contribute to the model’s predictions. To achieve this,
permutation feature importance, a model-agnostic technique that evaluates the importance of machine learning
features (Fig. 3A) was used. This method assesses how the model’s performance decreases when a single feature
(DSA to a specific HLA loci) is randomly altered, providing insight into each antibody’s relative impact on the
model’s predictions.

It is well established that the determination of HLA antibodies using solid-phase assays can lead to over-
interpretation of a recipient’s reactivity. There are several overreactive beads and HLA professionals often
make manual interpretations of these complex reactivity patterns. To evaluate the impact of individual HLA
antibodies on ML performance, a range of specific HLA antibody MFIs were analyzed. Specific HLA antibodies
were incrementally increased from their minimum to maximum MFI value in the dataset with an absolute
maximum of 10,000 MFI (Fig. 3B). These simulated the presence of a single donor-specific antibody. Each HLA
locus-specific antibody’s impact on ML prediction was assessed. Not surprisingly, increasing the antibody MFI
value increased the likelihood of a positive crossmatch prediction for most of the loci.

The effect of HLA class I antibodies on ML prediction was assessed using only T cell responses, while HLA
class IT antibodies were assessed using B cell responses. (Fig. 3). Consistent with previous reports regarding HLA
locus-specific expression, HLA-B, HLA-A, and HLA-DRB1 had the most effect on the model’s prediction further
suggesting a connection between HLA protein expression and HLA antibody binding capacity (Fig. 3A)%*?!. Of
note, HLA antibodies targeting HLA-C, HLA-DP, or HLA-DRB345 did not individually impact the prediction,
suggesting a reliance on other HLA antibodies (Fig. 3A,B). Consistent with the overreaction in the antibody
assay, antibodies targeting HLA-DQ and -DRBI required higher MFI values to affect the ML prediction
(Fig. 3B). These observations are consistent with the over-reactivity of several HLA-DRB1 and HLA-DQ alleles
in the HLA antibody assay and emphasize the need to list unacceptable HLA antibodies at the HLA antigen
level. These data provide a data-driven approach to the individualized listing of unacceptable HLA antibodies.
Additionally, the data demonstrate the feasibility of the models to learn representative transplant biology and aid
in the understanding of global model predictions.

HLA antibody model performance
To ensure that the ML model scores were consistent with basic transplant immunobiology, we evaluated the
ML model performance on T cell prediction using HLA class II antibody data. Since T cells lack HLA class II

Imputation | PPV | Sensitivity | Specificity | Brier score loss | Brier score loss per XM class | Total number of validation pairs

Negative XM: 0.001
No 0.856 | 0.789 0.993 0.059 2604 (5.6% + XM)
Positive XM: 0.073

Negative XM: 0.023
Yes 0.858 | 0.726 0.993 0.026 3285 (6.8% +XM)
Positive XM: 0.027

Table 1. Effect of HLA allele imputation on ML model performance.
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Fig. 2. Performance of the HLA antibody model. (A) Original unmanipulated dataset. (B) Using Synthetic
Majority Oversampling Techniques (SMOTE) to equalize the positive XM cases. (C) Random Undersampling
Technique. Left are confusion matrices. Center are detection error tradeoff (DET) graphs. Right are precision-
recall curves. All graphs were made using the optimal hyperparameter and optimal f1-weighted threshold ML

model with the independent test dataset. All sampling techniques were only applied to training data.

expression, HLA class II data should not affect model predictions. Using only HLA class II data yielded a low
average positive crossmatch probability of 0.001 (data not shown).

A comparison of sensitivity (Sens), specificity (Spec), negative predictive value (NPV), positive predictive
value (PPV), and likelihood ratios (LR) was performed between the current manual expert-assigned VXM,
summed MFI thresholding approach!!, and the HLA antibody ML model. A summary is shown in Table 2.
The current expert VXM had excellent specificity and NPV from the ease of predicting negative FCXM when
no HLA antibodies are present. However, the expert VXM had low sensitivity and PPV. The ML model slightly
outperformed the summed MFI thresholding approach for NPV and sensitivity. While the thresholding approach
had a higher PPV, consistent with applying a conservative threshold (Table 2). Specificity was equivalent across
all the approaches evaluated.

To evaluate the diagnostic ability of each model to predict crossmatch outcomes, receiver-operating-
characteristic (ROC) curves and the area under the curve (AUC) were determined (Fig. 4). The AUC for the
HLA antibody ML model was 0.975 compared to the manual VXM AUC of 0.602 (Fig. 4). Importantly, all the
techniques (SMOTE and Undersampling) to address the data imbalance did not significantly alter the model
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Fig. 3. Effect of HLA antibodies in ML model prediction. (A) ML feature importance using the permutation
technique. (B) Stimulation of a single DSA and evaluation of the impact of various HLA antibodies on
model prediction. Only the indicated variable was changed while all others were kept constant. The variable
was changed from 0 to 10,000 mean fluorescent intensity (MFI). The influence on positive prediction using
probability was evaluated. HLA class I (dashed lines) or class II (solid lines) antibodies impact on ML
crossmatch prediction. The vertical line represents the institutional unacceptable threshold (3000 MFI).
The horizontal line represents the traditional ML model predictive positivity cutoff value of 0.5. HLA class I
antibodies were assessed using T cells and HLA class II antibodies were assessed using B cells.
Expert VXM | Summed MFI thresholding model | Machine learning: HLA antibody (original) | Machine learning: HLA antibody (SMOTE)
PPV | 0.490 0.931 0.858 0.778
NPV | 0.970 0.961 0.973 0977
Spec | 0.980 0.995 0.993 0.986
Sen |0.385 0.606 0.726 0.735
LR+ |19.25 121.20 103.71 52.50
LR- |0.628 0.396 0276 0.269

Table 2. ML model diagnostic performance metrics. PPV positive predictive value, NPV negative predictive
value, Spec specificity, Sens sensitivity, LR + positive likelihood ratio, LR— negative likelihood ratio.
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performance (AUC 0.965-0.979). These data strongly indicate that using optimized prediction thresholds the
HLA antibody ML model can accurately predict crossmatch outcomes with minimal human interaction.

Discussion

As the demand for pretransplant immunologic risk assessments has increased, so has the need and requirement
for more accurate and rapid tools. Here we describe the development and evaluation of a digital alloimmune risk
assessment tool (DARA) to address these challenges that used machine learning models to predict allele-level
HLA typing (as needed), gather and analyze DSA, and predict physical crossmatch results (Fig. 1). As stated by
previous researchers, accurate prediction of HLA alleles remains a substantial challenge in clinical practice®.
With the growth of high-resolution HLA typing for solid organ transplant recipients and donors, the accuracy
of the ML model will likely move closer to that observed with the non-imputed dataset (Table 1). Our DARA
achieved a ROC-AUC of 0.975, outperforming the current standard of care VXM methods (Fig. 4).

Importantly, the HLA antibody model’s ability to maintain high specificity (99.3%) while improving
sensitivity suggests that it could reduce the number of unnecessary physical crossmatches without increasing
the risk of unexpected positive crossmatches. This may streamline the allocation process, reduce cold ischemia
times, and improve graft outcomes®.

A benefit of applying machine learning to pre-transplant immunologic compatibility is the ability to learn
complex patterns and reduce the human bias in interpreting them. The current approach to assessing HLA
antibodies has numerous established issues®!~33. However, current physical crossmatch assessments rely heavily
on human interpretation of complex HLA antibodies to estimate immunologic compatibility and risk®!*32. The
HLA antibody ML approach outperformed the manual human expert prediction, particularly when predicting
positive results (Table 2). Expectedly, experts outperformed the ML model in predicting negative results (Table
2)1932 given that experts can readily understand the relationship between low or near-zero HLA antibody levels
and negative crossmatch results. Given the issues with HLA antibody detection and the observed phenomenon
of shared epitope spreading®'**3, it is not surprising that the HLA antibody model had lower sensitivity
performance. Potential ways of addressing this deficiency are cross-reactive epitope group (CREG) analysis,
HLA eplet-based analysis, and HLA serotype-based analysis'>%.

The HLA antibody model enables understanding of the impact specific HLA antibodies have on crossmatch
results. The structure of the HLA antibody scoring matrix likely allows for more generalizability of the ML model
across different sites as only a single DSA value is required for each HLA locus. While still locally accurate, HLA
antigens or alleles can be used as features for a similar ML model; however, those models have limited practical
application due to the lack of depth to each HLA antigen or allele. Importantly, the HLA antibody model has
learned which HLA antibodies are commonly considered over-reactive in the antibody detection assay (Fig. 3).
In particular, the rank order of the HLA antibodies corresponds to the established HLA antigen expression
profile on lymphocytes?**”:3, For instance, HLA-DQ antibodies required higher MFI values (approximately
6,000) to affect predictions, aligning with known issues of over-reactivity in single antigen bead assays. Lastly,
the HLA match status of the potential pair is not directly evaluated or considered by the ML model. For pairs
where a recipient and donor are matched at several HLA loci, regardless of the DSA MFI detected, those DSA
would be reduced 100-fold when the ML model predicts the likelihood of a positive XM (see Material and
Methods). This process ensures that highly matched pairs will appropriately be handled by the ML model when
considering DSA MFI at the predictor.

The current practice of transplant centers is to list unacceptable HLA mismatches based on a recipients HLA
antibody profile using an MFI cutoff value; however, in many cases, this cutoff value is applied across all HLA
loci rather than individualized to specific HLA loci. The HLA antibody model enables a deeper understanding
of which HLA antibodies should be avoided given a recipient’s medical status and how best to manage the
associated immunologic risk. Consistent with published reports®*#’, higher levels of HLA-DQ antibodies were
necessary to induce a positive crossmatch prediction (Fig. 3B). Interestingly, antibodies targeting HLA-C did
not induce a positive crossmatch prediction even at high levels. This observation may be from the linkage
disequilibrium between HLA-B and HLA-C, and Fig. 3B shows the model places more importance on antibodies
targeting HLA-B. The reduced impact of HLA-C antibodies on crossmatch prediction is consistent with the
over-representation of HLA-C and the over-reactivity of some HLA-DQ proteins on the solid phase antibody
detection assay compared to their biological expression.

We addressed crossmatch outcome imbalance in the data using techniques such as SMOTE and random
undersampling but did not find significant improvement in the model’s performance. The AUC remained
consistently high (0.975-0.979) across all approaches (Fig. 4). This resilience to class imbalance is likely due
to several factors including threshold optimization and inherent data characteristics. It is likely the original
data may have captured the important patterns distinguishing positive and negative crossmatches, even with
the outcome imbalance. This suggests that the features used for model prediction are highly informative for
crossmatch prediction.

Our study has several limitations. The allele prediction model impacts all downstream analyses. While
the ML models are more robust than traditional methods, they have not been hardcoded to understand if the
recipient is non-sensitized (no HLA antibodies) leading to a negative crossmatch. Additionally, the model has
been trained and tested using internal data; validation through external data would enhance the confidence in
the model prediction.

The work shown here is the initial step to a larger integration of data into the pre-transplant immunologic
risk assessment that may include repeat HLA and eplet mismatches, HLA antibody quality, and other relevant
parameters.
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Materials and methods

Study design

Flow cytometric crossmatches (FCXM) performed at UNC Health from January 2016 to May 2024 were
analyzed. Initially, 16,061 FCXM results were extracted from the laboratory information system (HistoTrac,
version 2.52.9). After removing known false-negative, false-positive, inconclusive, incomplete, autologous, and
uninterpretable FCXM, 13,158 cases (12,354 negative and 804 positive) remained for analysis.

Recipient and donor HLA typing data were obtained from HistoTrac. HLA antibody data from January 2013
to May 2024 were extracted from Fusion (version 4.2, OneLambda). HLA antibody mean fluorescence intensity
(MFI) was determined using the OneLambda single antigen bead assay, performed as previously described!!.

FCXM procedures used pronase-treated lymphocytes, with positive cutoffs determined using normal human
serum according to established laboratory practices'!. All data were de-identified and processed using Python
(version 3.8.15) in local and Microsoft Azure Cloud environments.

Machine learning (ML) datasets and training
The analysis included:

o 13,158 unique flow cytometric crossmatches

« 1903 unique recipients

2513 unique donors

e 5703 unique sera

« 29,070 HLA typing data points at the highest available resolution for all HLA loci

Data were split 75/25 for training and testing. Multiple supervised learning models were tested including Random
Forest, XGBoost, Balanced Random Forest, Random Undersampling Classifier, and Logistical Regression
Classifier with the best chosen using a custom-designed training metric. This metric provided differential
penalties for false positive and false negative predictions, emphasizing the reduction of false negatives. The model
was further optimized by determining the threshold that maximized the fl1-weighted score, which balances
precision and recall for imbalanced datasets.

HLA antibody profiles were obtained directly from Fusion (version 4.2). Donor-specific antibodies (DSA)
were automatically determined by matching donor HLA alleles to recipient HLA antibodies in the single-antigen
bead (SAB) assay. When a donor HLA allele was not represented in the SAB testing, a dictionary of HLA alleles
and their SAB equivalents (generated by amino acid alignment using BioPython version 1.76) was used to select
the closest match. For DQ and DP, the most likely donor heterodimer was determined using global DQAI-
DQBI haplotype frequency and DPA1-DPB1 haplotype frequency. The highest DSA MFI was used for each HLA
locus. Any DSA that was also a recipient-specific (i.e. donor and recipient are an allele level match) antibody
was reduced 100-fold before model training. The recipient’s current calculated panel reactive antibody (cPRA)
was also included as an ML feature, with missing values imputed using the mean cPRA of the entire dataset. If a
donor lacked all DRB3/4/5, an MFI value of minus 1 (- 1) was used. HLA allele prediction.

Eight separate XGBoost models (one for each major HLA locus) were trained to predict HLA alleles when
not previously known. These models used self-identified Race as a feature for allele prediction. For class I models,
HLA antigen level data were used as inputs to predict a single HLA allele. HLA-DPB1 was not predicted, the
allele for HLA-DPBI was presumed to be the most common allele from real-time PCR-detected alleles. HLA-
DPBI1 was typed using LinkSeq HLA-ABCDRDQDP SABR 384 typing kit (One Lambda). Only missing alleles
were predicted; known alleles were used directly in ML training and evaluation for crossmatch prediction.

Each imputation model was trained on high-resolution HLA genotyping data at two-field resolution that was
converted to HLA serologic equivalents for training and evaluation. The training dataset varied by HLA locus
and ranged from 16,164 to 60,072 high-resolution patients. The evaluation dataset of each model was HLA locus
dependent and ranged from 4041 to 15,019. The data were split 80% for training and 20% for testing. Each model
was generated using five-fold cross-validation.

Crossmatch ML training and assessment

Data were prepared by predicting missing donor and recipient HLA information using the ML models. Features
were created using the highest donor specific HLA antibody MFI and accounted for DQ and DP heterodimer
formation given the donor and recipient HLA genotypes, with cell type (T-cell or B-cell) treated as one of the
features, allowing the model to predict both simultaneously. Race was not included as a feature for crossmatch
prediction.

Model performance was assessed using true positives (TP), false positives (FP), true negatives (TN), and false
negatives (FN) against flow cytometry crossmatch results. Precision (TP/(TP +FP)) and recall (TP/(TP +FN))
were calculated.

To address the imbalanced nature of the dataset, two techniques were applied:

1. Synthetic Minority Over-sampling Technique (SMOTE): The minority class (positive XM cases) was over-
sampled to equal the negative XM cases in the training data.
2. Random undersampling: The majority class (negative XM cases) was down sampled in the training data.

ML model evaluation was always performed using the unmanipulated original dataset.
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Individual HLA antibody impact on ML prediction probability

To evaluate the relative importance and impact of individual HLA antibodies on positive crossmatch outcomes,
we employed Partial Dependence Plots (PDPs). PDPs are a model-agnostic method that helps visualize the
marginal effect of a single feature on the predicted outcome of a machine-learning model while accounting for
the average effects of all other features.

For each HLA antibody feature in our trained model: (a) a range of MFI values was created, starting from
the minimum observed in the dataset up to either the maximum observed value or 10,000 MFI, whichever was
lower. (b) This range was divided into equally spaced intervals (e.g., 100 points) to create a smooth curve.

For each point in this MFI range: (a) The entire dataset was copied, replacing the original MFI value for the
antibody of interest with the current point value. (b) Predictions were made using our trained model on these
modified datasets. (c) The average predicted probability of a positive crossmatch was calculated across all these
predictions.

The resulting curve shows how the predicted probability of a positive crossmatch changes as the MFI of a
specific HLA antibody varies, while averaging out the effects of all other features. This process was repeated for
each HLA antibody feature in our model.

ML feature permutation determination

To assess the relative importance of features in our model, we employed permutation importance, a model-
agnostic method that measures the impact of each feature on model performance. This technique operates by
randomly shuffling the values (HLA antibody MFIs) of a single feature while keeping all others constant, then
evaluating the change in the model’s performance metric. The process is repeated for each feature independently.
The permutation process was repeated 10 times for each feature to obtain a distribution of importance scores,
enhancing the reliability of our estimates. The analysis was conducted after fitting the model to the entire dataset,
providing a comprehensive view of feature importance across all available data.

Detection error tradeoff (DET) and precision-recall curves

The DET curve was generated to visualize the tradeoff between false negative rate (FNR) and false positive rate
(FPR) across various decision thresholds. The model’s predicted probabilities for the test set were obtained.
These probabilities were compared against a range of thresholds to compute FNR and FPR pairs. The curve was
plotted with FPR on the x-axis and FNR on the y-axis. Lower curves indicate better model performance, with the
optimal point balancing FNR and FPR according to our specific clinical requirements.

The Precision-Recall curve was used to assess the model’s performance, particularly in the context of the
imbalanced dataset. For both curves, the optimal threshold was determined before these analyses using a
custom metric that balanced sensitivity and specificity according to clinical priorities. This threshold was applied
consistently across all evaluations to ensure coherence between model training, validation, and performance
visualizations.

Thresholding model metrics

For the same set of donors and patients used in crossmatch ML training, total class I and class II donor-specific
HLA antibody MFI were calculated from patient SAB data. Thresholds applied to the sum of the MFI values
were tested in increments of 10, seeking to maximize the number of TP+ TN. Values above the threshold were
predicted positive, and values below were predicted negative. The optimal threshold for T-cell crossmatches
(using class I antibody totals) was 4990, and for B-cell crossmatches (using class I plus class IT antibody totals)
was 9350.

Expert VXM

1,751 VXM were performed at UNC Health from January 2016 to February 2024 and were exported from
HistoTrac. Equivocal VXM interpretations were removed. Data were connected to FCXM by unique identifiers.
FCXM cases with inconclusive, incomplete, and uninterpretable results were removed.

Statistics
Scikit-learn (version 1.2.0) was used for ML training, testing, and metrics. XGBoost (version 1.6.1), imblearn
(version 0.10.1), and optuna (version 4.0.0) were used for ML training, testing, and evaluation purposes.

Data availability

All data, code, and materials used in the analysis will be available to any researcher for reproducing or extending
the analysis. Access to the materials mentioned will require a materials transfer agreement (MTA). Please con-
tact the corresponding author for data and material requests.
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