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Background: Waitlist mortality for pediatric heart transplant candidates remains high, with 

nearly 10% dying prior to receiving a heart. Despite this, there are a large number of donor 

hearts available for transplant, but refused due to poor donor quality. The 2020 ISHLT consensus 

statement suggested that few donor characteristics have an impact on post-transplant mortality. 

To test the validity of this, we utilized two machine learning models to evaluate the importance 

of various donor characteristics on patient survival post-transplant. 

Methods: Random Forest (RF) and Lasso Logistic Regression (LR) were used to predict 1-year, 

3-year, and 5-year post transplant survival using OPTN/UNOS data (2010-2019) for pediatric 

heart recipients. Candidates listed for multiple organs, re-transplantation, or with donors over the 

age of 30, were excluded from this study leaving a total of 3882 patients. RF and LR models 

were fit using combinations of donor, candidate, donor-candidate compatibility, and transplant 

predictor variables. A comparison of the AUC values, Brier scores, and log loss from 10-fold 

cross validation was used to assess differences in model performance.  

Results: The LR models had higher average AUC, and lower brier score and log loss score, 

model performance for 1-year survival, with the best overall model (AUC = .754) coming from 

the candidate and donor variables. The random forest candidate model performed best for 3-year 

survival with an average AUC of .69. The RF models achieved better performance over LR for 

all 5-year survival models. The comparison of the model metrics from the different variable 

groups show that there is no statistically significant model improvement from the addition of 

non-candidate related variables. Further exploration into ischemic times suggest longer times are 

associated with reduced survival probability, making it difficult to determine its impact in 

models. 

Discussion: The use of additional variables outside of echo and ischemic time when determining 

post-transplant success may be unnecessary. While ischemic time and echocardiograph measures 

were statistically insignificant as well, it is important to note that these conclusions are drawn 

based on contemporary donor heart selection practice, which displays little variability in 

accepted donor characteristics. Very few data points fell outside what is generally considered 

acceptable. The findings suggest that further evaluation on ischemic time and echo abnormality 

should be done to determine their impact on post-transplant survival. 
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Introduction 

Motivation and Contributions  

The decision to accept or decline a heart is a time sensitive and potentially life-threatening 

action. There are many factors to consider in the moment the offer comes through, including 

numerous candidate and donor characteristics. Machine Learning models have the potential to 

ease the decision-making process through post-transplant survival predictions. The goal of the 

work summarized in this thesis is to provide a survival model for pediatric heart transplants. This 

survival model is a piece of a larger pediatric heart transplant project aiming to utilize machine 

learning to assess the entire transplant process from the decision to list to the post-transplant 

outcomes. The ultimate goal is to create a dashboard allowing doctors to visualize every 

component of the candidates transplant process and better make decisions to optimize the 

patients chance of survival. 

In addition to the survival model, the work in this thesis explores the impact of donor related 

variables on post-transplant outcomes. The amount of information presented to a doctor at time 

of offer is abundant, making it difficult to fully assess. The focus of the study is based on the 

International Society for Heart and Lung Transplantation Consensus Report on donor 

characteristics impact on post-transplant outcomes in pediatric heart transplants (Kirk, 2020). 

The ability to focus primarily on the candidate characteristics would cut down on the amount of 

information to process at the time of offer and allow doctors to make a more confident decision.  

The work summarized in this thesis presents a new way to assess the relevant characteristics on 

the outcome of pediatric heart transplant. Shifting from the traditional variable importance 

methods, variable selection is based on predictive model performance to determine what is 

necessary for donor heart offer assessment. Due to its design around the ISHLT consensus, the 

work provides a data driven assessment of the claims made on donor characteristics impact. 

Further, the final survival model produced can be used to predict post-transplant outcomes, a key 

component of the pediatric heart transplant system dashboard.  

 
  



 3 

Background 

While there have been positive trends in the survival of pediatric patients post heart 

transplantation, mortality on the waitlist remains high (Kirk, 2020; Butts, 2021). Due to the 

transplant centers’ reliance on high transplant success rates for center ratings, many hospitals and 

doctors remain strict when determining the quality and usefulness of a donor hearts (Khush, 

2015). These narrow acceptance windows create longer wait times, likely contributing to higher 

pre-transplant mortality, with 10.9 deaths for every 100 patients on the wait list (Colvin, 2021). 

With over 30% of pediatric donor hearts going unused after refusal for poor donor quality, it is 

important to determine the impact that donor characteristics have on post-transplant outcome 

(Kirk, 2020). 

Literature Review 

The importance of post-transplant success has resulted in the implementation of machine 

learning (ML) techniques to better understand the factors driving success. Studies regarding 

pediatric heart transplants attempt to better understand the potential for modeling in post-

transplant outcomes and determine the relationship between various donor and patient 

characteristics on the outcome.  

Miller et. al. (2019) studied pediatric heart transplants from 2006-2015, addressing 1, 3, and 5-

year survival. The 1-year survival random forest model, containing donor and recipient 

characteristics was found to be the strongest model, with a training AUC of .74 and testing AUC 

of .72. Important features identified include recipient characteristics candidate diagnosis, ECMO 

at transplant, and mechanical ventilation at transplant, and donor characteristics gender and B1 

antigen levels.  

Killian et. al. (2023) studied pediatric heart transplants from 1987-2019, addressing 1, 3, and 5-

year survival, using candidate and donor characteristics. The random forest model performed 

best at all levels, achieving a 1-year AUC of .697. The most important features coming from that 

model include candidate characteristics of days at status 1A, VAD device type, and malignancies 

since listing, as well as the post-transplant graft status. Additionally, the donor/recipient height 

ratio was found to be an important feature. 
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Miller et. al. (2022) studied both adult and pediatric heart transplants from 1994 – 2016 using 

both classification and survival modeling methods for 1-year and 90 day post-transplant survival. 

In the pediatric study, the 1-year survival random forest model achieved the highest AUC of 

.836. Finally, Ashfaq et. al. (2022) studied pediatric heart transplants from 2010 – 2020 to model 

1-year post-transplant survival. The random forest model achieved the highest C-index at .68.  

All of the above studies found the most success with random forest models, achieving a range of 

AUC values considered to be acceptable (.7-.8) and excellent (.8-.9) (Mandrekar, 2010). 

However, a lack of quality control within the data entry process across numerous institutions and 

the infrequency of post-transplant mortality make modeling challenging (Killian, 2023; Miller, 

2019). Additionally, deciding on the most important features is difficult, with different features 

identified as related to post transplant outcome and little overlap between the studies.  

Outside of modeling outcomes, ML has been used to aid in the identification of important 

features in the survival of a patient post-transplant, with a focus on the donor related variables 

impacting the decision to accept a heart or not. Currently, the window for donor heart quality is 

tight, with doctors hesitant to accept marginal donor hearts (Feingold, 2018). In an effort to 

capture these important candidate and donor heart metrics, risk scoring methods have been 

explored, assigning points based on how large the gap in these metrics are from what is 

considered optimal (Zafar, 2018; Fraser, 2019). While these systems have highlighted important 

relationships between the donor and candidate, others have questioned the necessity of such strict 

acceptance practices in pediatrics (Conway, 2020; Feingold, 2018). Conway et. al. (2020) 

addressed the concern on size matching in their literature review, stating that current guidelines 

are conservative and can be expanded upon. Further, a study performed to test the impact of 

donor heart refusal for organ quality on post-transplant outcomes found no correlation between 

number of refusals and patient survival (Rizwan, 2018). 

ISHLT Consensus 

Due to the highly subjective nature of the donor acceptance decision process, attempts have been 

made to generalize the donor heart selection process. The International Society for Heart and 

Lung Transplantation released a consensus paper regarding acceptance practices of pediatric 

donor hearts (Kirk, 2020). Two important non-candidate characteristics were deemed to be 
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influential on post-transplant survival in pediatric patients. The report states the most important 

donor characteristic to be echocardiographic measurement of ejection fraction. When normal, the 

most favorable state for a donor heart, most donor characteristics become irrelevant and do not 

need to be considered. Additionally, ischemic time should be considered and times under 6 hours 

are advised. 

The objective of this study is to determine the validity of the statements made in the 2020 ISHLT 

consensus paper utilizing the modeling techniques carried out in the various pediatric post-

transplant survival studies. We hypothesis that based on current donor practices, the only 

variables that will have an impact on post-transplant survival are echocardiograph measurements 

and ischemic time. No additional characteristics of the donor heart will have an impact on the 

patients outcome post-transplantation, and the focus when making the decision to transplant 

should be primarily based on the characteristics of the patient and not the donor.  
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Methods 

Data Collection 

The data used in this study comes from the UNOS registry data base. This data base contains 

information regarding each candidate registered for a transplant and their waitlist information. In 

the event that a transplant occurs, information on pre-transplant, post-transplant and the donor is 

stored. For the purpose of this study, pediatric recipients, aged <18, receiving a heart transplant 

between the years of 2010 and 2019 were used. Those undergoing re-transplantation or on the 

waitlist for multiple organ transplants were removed. Additionally, recipients with donors over 

the age of 30 were excluded. Finally, those missing donor match run information were removed 

resulting in a study population size of 3882 patients. 

Censoring 

Several patients in the final data set were censored due to an out of date follow-up information. 

Patients lost to follow-up  prior to the survival window were removed from the model. This 

removed 55 patients from the 1-year models, 632 from the 3-year models, and 1365 from the 5-

year model. 

Variable Selection 

Both candidate and donor related variables were used for this study. The process of variable 

selection included literature review, expert opinion and variable importance scoring with 

penalized lasso logistic regression and random forest. Variables were chosen based on the 

frequency in which they appeared across previous modeling attempts and their importance when 

modeling 1,3 and 5-year survival using penalized lasso regression and random forest (Miller, 

2019; Killian, 2023; Ashfaq, 2022). Ischemic time and echocardiograph measurement variables 

were added due to their importance on post-transplant outcomes (Kirk, 2020). The expert 

opinion of the doctors on our team lead to the inclusion of additional donor and candidate related 

variables. The final set of predictors used across the models in this study consisted of 50 

variables in total. 
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For the purpose of our study, four different variable groups were used. The first group is the 

candidate variables, including 20 variables pertaining to the health and demographics of the 

patient receiving the heart, as well as characteristics of the offer. The second and third group are 

ischemic time and the 11 echocardiograph measurement variables. Finally, the donor group 

contains 18 variables with health and demographic data pertaining to the donor and the donor 

heart and donor-recipient characteristics (Appendix B). 

Experiment Design 

To test our hypotheses, the four variable groups outlined above were used in the formation of 

four data testing sets; 1. candidate, 2. candidate and ischemic time, 3. candidate and 

echocardiograph measurements, and 4. candidate, echocardiograph measurements and all other 

donor variables. 

Two different models were used to determine the prediction power of the variables. The Random 

Forest (RF) model is a tree-based ensemble model that creates many decision trees through 

randomization and aggregates the results into a single output."#. Random Forest has the capacity 

to handle interactions between variables and non-linear relationships (Rigatti, 2017). 

Additionally, RF was used due to its prevalence in previous pediatric heart transplant survival 

studies as the best performing model. The lasso logistic regression (LR) model is a form of 

penalized regression that shrinks variable coefficients towards zero. By shrinking coefficients to 

zero, the LR model is performing variable selection, ultimately producing a model that is easy to 

interpret (James, 2021). 10-fold cross validation and a tuning grid of size 50 were used to select 

the optimal metrics, mtry in the random forest models and the penalty lambda in the lasso 

regression models. In addition to the tuned metrics, the random forest models were run with the 

number of trees set to 1000 and a minimum node size of 1. The values for AUC, brier score, and 

minimum log loss were recorded for the models with the optimal tuning parameters for each of 

the ten folds. 

Both models were built with each of the four predictor variable sets to evaluate the primary 

outcome of 1-year survival post-transplant. Two additional secondary outcomes were tested, 3-

year and 5-year post transplant survival. 
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To determine the impact of the different variable groups on model success, the model 

performance metrics were compared for each survival period. The 10 AUC scores, brier scores, 

and log loss scores from each fold for the different variable groups were plotted with confidence 

intervals to determine if there are any significant differences in performance.  
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Results 

A total of 3882 patients were used in the study. The entire set of patients were used to test and 

build the model, with performance and predictions coming from each of the 10-cross validated 

folds. Patients with unknown outcomes for each survival window were censored, with a number 

of patients being removed due to being lost to follow-up prior to the survival window. Of the 

remaining patients, the overall mortality rate is 7.5% for 1-year post transplant, 14.2% for 3-year 

post transplant, and 23.4% for 5-year post transplant.  

Table 1: Cohort patient characteristics 
Recipient Overall (N = 3882) Alive or LTF (N = 3292)  Deceased (N = 590) 

Age (years), mean (SD) 6.24 (6.16) 6.34 (6.14) 5.63 (6.25) 

Gender (female), n (%) 1733 (44.64) 1464 (44.47) 269 (45.59) 

Race, n (%)    

     Asian 153 (3.94) 136 (4.13) 17 (2.88) 

     Black 751 (19.35) 619 (18.80) 132 (22.37) 

     Hispanic 796 (20.50) 686 (20.84) 110 (18.64) 

     White 2062 (53.12) 1758 (53.40) 304 (51.53) 

     Other 120 (3.09) 93 (2.83) 27 (4.56) 

BMI, mean (SD) 17.98 (4.65) 17.95 (4.62) 18.17 (4.82) 

Weight, mean (SD) 26.41 (24.22) 26.79 (24.18) 24.30 (24.35) 

Height, mean (SD) 107.31 (42.37) 108.43 (42.32) 101.07 (42.13) 

TBILI, mean (SD) 1.06 (2.35) .97 (1.63) 1.58 (4.61) 

Creatinine, mean (SD) .50 (.74) .50 (.68) .52 (.98) 

Status, n (%)    

     Status 1A 3321 (85.55) 2870 (87.18) 514 (87.12) 

     Status 1B 436 (11.23) 381 (11.57) 55 (9.32) 

     Status 2 125 (3.22) 104 (3.16) 21 (3.56) 

Days on waitlist, mean (SD) 121.84 (232.36) 122.07 (236.39) 120.52 (208.65) 

Primary Diagnosis, n (%)    

     Cardiomyopathy 1940 (49.97) 1738 (52.79) 202 (34.24) 

     Congenital Heart Disease 1878 (48.38) 1496 (45.44) 382 (64.75) 

     Other 64 (1.65) 58 (1.76) 6 (1.02) 
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Ischemic Time 

Ischemic time and echocardiograph measures were said to be important in post-transplant 

outcomes according to the ISHLT consensus statement. A further assessment of these values 

within our data set can be seen in Table 2. The average ischemic time is roughly 3 hours, 

reaching as high as 11 hours. 

Table 2: Distribution of ischemic time 
Ischemic Time (hours) Minimum Mean Maximum 

Overall (N=3882) .18 3.60 11.35 

Alive or LTF (N = 3292) .18 3.63 11.35 

Deceased (N=590) .633 3.74 8.65 

A univariate analysis between ischemic time and post-transplant survival in our population 

displays a potential trend in ischemic time and survival. Ischemic times were plotted against 1-, 

3-, and 5-year survival using the generalized additive model smoothing technique to capture the 

impact of ischemic time on survival, shown in Figure 1. A consistent downward slope indicates 

that longer ischemic times may decrease chances of a post-transplant outcome, as stated in the 

ISHLT consensus. There appears to be a potential impact on 1-, 3- and 5-year survival, with 1-

year survival having the most prominent relationship. Additionally, we can see that the majority 

of the ischemic times present in our data set are within 1 and 6 hours. There are few observations 

that fall outside of the recommended 6-hour window, making it difficult to assess what is 

happening around the tails, contributing to wide confidence intervals.   
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Figure 1: Ischemic time vs survival probability for 1-, 3-, and 5-year with shaded CI 

 
Echocardiograph measurements 

There were 11 echocardiograph measures included in the echo variable set, with their 

distributions and completeness shown in Table 3. The primary variable of concern is 

ABNL_CUM, a cumulative measure that indicates if the echo measurement is abnormal. The 

declaration of abnormality comes from the assessment of the additional echo measurements. 

Within our data set, 357 sets of echo readings were declared abnormal in at least one 

measurement, roughly 9% of the observations.   

A univariate analysis was performed on the cumulative echo assessment variable against the 

survival for 1-, 3-, and 5-years post-transplant, shown in Figure 2. In the case of 1-year survival, 

there is a slight decrease in survival as you move from the normal to abnormal echo groups. 

There is, however, uncertainty around the survival probability for abnormal echos, due to the 

limited number in our data set, which increases with each time frame. 
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Table 3: Distribution of echocardiograph measurements 
Echo Measure Overall (N = 3882) Alive or LTF (N = 3292)  Deceased (N = 590) 

ABNL_CUM (1), n (%) 

   % missing 

357 (9.1) 

4.1 

305 (9.3) 

3.9 

52  (8.8) 

4.7 

LVSWMA (1), n (%) 

   % missing 

88 (2.3) 

90.8 

75 (2.3) 

90.5 

13 (2.2) 

92.2 

OBJ (1), n (%) 

   % missing 

229 (5.9) 

19.7 

194 (5.9) 

19.5 

35 (5.9) 

20.5 

OBJ_SCALE, mean 

   % missing 

.0834 

19.7 

.0834  

19.5 

.0832 

20.5 

VALVE_FXN (1), n (%) 

   % missing 

36 (.9) 

4.3 

28 (.9) 

4.2 

8 (1.4) 

4.9 

QUAL (1), n (%) 

   % missing 

10 (.3) 

4.7 

10 (.3) 

4.6 

0 (0) 

5.1 

GLOBAL (1), n (%) 

   % missing 

102 (2.6) 

4.6 

89 (2.7) 

4.5 

13 (2.2) 

5.1 

Biplane ef, mean 

   % missing 

62.83 

87.4 

62.84 

87.1 

62.82 

89 

Qual ef, mean 

   %missing 

61.83 

82.2 

61.84 

82.1 

61.73 

82.7 

Four chamber ef, mean 

   % missing 

63.14 

71.4 

63.25 

71 

62.5 

73.9 

LV_EJECT_DON, mean 

   % missing 

64.25 

2.6 

64.54 

2.5 

64.43 

3.2 
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Figure 2: Cumulative assessment of echos vs survival probability for 1-, 3-, and 5-year. Counts 
displayed above each echo type and shading represents the CI around the survival probabilities at 
each echo type. 

 
Predictive performance 

The results of the random forest and lasso logistic regression models for 1-, 3-, and 5-years are 

shown in Table 4 and 5. The Lasso regression models based on average AUC from the 10-fold 

cross validation performed best for 1-year survival, with the highest performing model coming 

from the candidate and donor variable model. The random forest models yielded higher average 

AUC values for 3- and 5-year survival with the candidate only model performing best for both 

years. In addition to the four variable group models, donor only models were made using the 

donor related variables to compare the performance capability of only donor variables with the 

performance capability of only candidate variables. Across both random forest and lasso 

regression for all years, the worst performing models were those with only donor characteristics. 

The brier scores and log loss scores confirm these results. 
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Table 4: Average AUC value random forest model for 1-, 3-, and 5-year survival 
Year Candidate Candidate and Ischemic  Candidate and Echo Candidate and donor Donor Only 

1 year .728 .724 .724 .720 .636 

3 year .691 .689 .675 .674 .605 

5 year .743 .738 .736 .726 .597 

 

Table 5: Average AUC value lasso logistic regression model for 1, 3, and 5-year survival 
Year Candidate Candidate and Ischemic  Candidate and Echo Candidate and donor Donor Only 

1 year .748 .746 .748 .754 .630 

3 year .684 .685 .681 .685 .595 

5 year .707 .708 .703 .704 .591 

 
Hypothesis test results 

The values for AUC, brier score, and log loss across the 10-folds for each model type were 

compared. The results from random forest are shown in figures 3-5 and lasso regression in 

figures 6-8, with T0 representing the candidate variable model, T1 representing the candidate 

and ischemic time variable model, T2 representing the candidate and echocardiograph 

measurements, and T3 representing the candidate and donor variables model. The T0 model 

represents the baseline, with an average AUC over the 10-folds of (year 1: [.73, .75] , year 3: 

[.69, .68], year 5: [.74, .71]), an average brier score of ([.07, .07], [.11, .12], [.14, .15]), and an 

average log loss of ([.24, .24], [.38, .38], [.45, .48]) in the random forest models and lasso 

regression models.  

 
Figure 3: Year 1 survival random forest model performance from each fold 
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Figure 4: Year 3 survival random forest model performance from each fold 

 
Figure 5: Year 5 survival random forest model performance from each fold 

 
Figure 6: Year 1 survival lasso logistic regression model performance from each fold 
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Figure 7: Year 3 survival lasso logistic regression model performance from each fold 

 
Figure 8: Year 5 survival lasso logistic regression model performance from each fold 

Both the random forest and lasso regression tables for years 1, 3, and 5 display a lack of effect in 

the additional variables over the candidate only model. There is no significant difference in the 

model performance across model types and the corresponding confidence intervals all overlap.  

Further assessment of ischemic time 

Despite the trends displayed in figure 1, ischemic time did not lead to an improvement in the 

model performance. Ischemic time is often considered an important feature in post-transplant 

survival (Ford, 2011; Magdo, 2017; Zafar, 2017; Fraser, 2019; Singh, 2019; Kirk, 2020). It’s 

prevalence across studies indicating its impact lead to further analysis into its lack of impact on 

model performance. Additional tests were performed on the ischemic time variable used in the 

models to determine the potential explanation for the lack of performance change. To assess the 

model’s ability to capture survival without the presence of ischemic time, the residuals from the 

candidate only model predictions were plotted against ischemic time for 1-, 3-, and 5-year 

survival. Figure 9 lacks any trend in ischemic time for year 3 and 5 random forest and lasso 
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regression models indicating that the model is not lacking due to the absence of ischemic time. 

There is a slight downward trend in 1-year survival, however, the confidence interval contains 

zero. 

              
Figure 9: Ischemic time vs residuals from candidate only model predictions coming from 
random forest (left) and lasso logistic regression (right) 

Ischemic time may be having little impact due to the candidate variables ability to accurately 

represent ischemic times impact on survival. Univariate analysis was performed on all candidate 

variables against ischemic time. Several numeric and categorical variables displayed potential 

relationships with ischemic time. The most prominent are the size related candidate metrics, with 

potential non-linear relationships between ischemic time and candidate BMI, height, and weight 

(figure 10). Additionally, there may be an association between the candidate diagnosis and 

ischemic time, with congenital heart disease having longer times (figure 11). 
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Figure 10: Univariate analysis of continuous candidate variables vs ischemic time 

 
Figure 11: Candidate diagnosis vs ischemic time 

Two models, a linear regression model and a random forest model, were constructed to 

determine the predictive strength of candidate variables for ischemic time. Fitting a simple linear 

model with all candidate variables as predictors and ischemic time as the response yields a low 

adjusted R squared of .05. These results indicate a poor ability to accurately predict ischemic 

time. The variables contributing most to the modeling of ischemic time are shown in figure 12. 
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Figure 12: Variable importance from linear regression model of ischemic time 

Due to the non-linear relationships seen in univariate analysis a 10-fold cross validated random 

forest model was implemented. Model performance remained poor with an average RMSE 

around 1 and MAE of .78 for the 10 folds. The variable importance from the random forest 

model indicated that several of the variables found through univariate analysis to be important, 

with weight, BMI, and height as the top 3 predictors (figure 13). While model performance is 

weak, the relationships highlighted through univariate analysis and variable importance may 

explain the lack of model improvement with the addition of ischemic time.  
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Figure 13: Variable importance from random forest model of ischemic time 
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Discussion 

The performance achieved in the modeling efforts of post-transplant survival is consistent with 

existing work. Similar to Miller et. al (2019) and Killian et. al. (2023) model performance based 

on AUC varied from over .6, in the donor only models to roughly .75, in the LR candidate and 

donor model. With the highest performing models considered acceptable (.7-.8), not excellent 

(.8-.9) or outstanding (>.9) according to Mandrekar (2010), there is room for improvement. 

Aside from model performance, the hypothesis findings are useful. Our study attempted to 

address the necessity of the various donor variables in the donor heart selection process. Through 

the implementation of two widely used modeling techniques, over the standard survival 

windows, we were able to assess the impact of non-candidate related variables on model 

performance. Our results show that the candidate model could not be improved upon with the 

addition of other variables.  

While hypothesized to increases the performance, the addition of ischemic time does not add 

statistical improvement to the models, it is difficult to state that ischemic times are not important 

for outcomes. The initial univariate analysis displayed negative trends in longer ischemic times 

and survival. Within our data set, there was a relatively small window for ischemic time, with 

less than 3% over the 6-hour mark. The lack of representation of longer ischemic times could 

make it difficult for our model to accurately capture the effect on survival. As the majority of 

times within our population were between 1 and 6 hours, within the acceptable window, there 

may not have been enough variability for it to impact the ability to predict survival post-

transplant. Despite statistical insignificance of the addition of ischemic time, it may not be 

advisable to deviate from the current acceptance window without further assessment into the 

relationship between increased times and survival. 

Similarly, echocardiograph measurements, hypothesized to be impactful, did not appear to be 

important. Beginning with univariate analysis, there was a slight negative trend in the probability 

of 1-year survival in the case of negative echos. However, in modeling, there was little impact 

across all years when adding echo related variables to the candidate model. While this could be 

an indicator of their impact on post-transplant survival, it is worth noting the limited variability 

present across echo variables. Many were highly missing, requiring imputation. The cumulative 
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echo measurement that determines whether or not an echo is normal or abnormal, the primary 

variable of interest, was well documented with roughly 96% completion. Despite this, the 

variability is still low with a small portion of abnormal echo’s at only 9.1%, making it difficult to 

fully understand the impact. The cumulative echo variable used in the study came from an expert 

assessment based on the echo variables to determine the overall normality of the heart 

(McCulloch, 2024). Ultimately, this determination of abnormality comes from the doctor prior to 

acceptance of the heart and can differ based on institution. Due to the limited impact shown 

throughout the models, further research into the best echocardiograph measurements and 

classifications should be done to better understand what readings impact post-transplant survival.  

The lack of variability found in the echocardiograph measures and ischemic time provides a data 

set of primarily normal echos and acceptable ischemic times. We can confirm the validity of the 

ISHLT consensus statement that when ischemic time is within an acceptable range, and echos 

are normal, no other donor characteristics will have an impact. Across all years and metric 

evaluations, the addition of donor characteristics to the candidate model did not lead to a 

statistically significant improvement in the model. All other donor characteristics do not have an 

impact on post-transplant survival when ischemic time is less than 6 hours and echos suggest 

normal heart function.  

It should be noted that these findings come from a small and incomplete data set. Information 

regarding various donor aspects that is missing could limit the model’s ability to accurately 

capture factors contributing to post-transplant success. Additionally, the small population size 

used, especially when assessing 3- and 5-year survival, potentially lead to the inability to capture 

all relationships among the variables. The current practices in donor heart acceptance for 

pediatric transplant candidates leave little variability in the characteristics of the donor hearts. 

Therefore, the statement that all other donor heart characteristics do not impact the ability to 

predict post-transplant outcomes is based on the assumption that these acceptance practices do 

not change drastically.  
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Appendix A: Models from literature review  

Author and Year Models Best Metric Top 5 features 
Ashfaq (2022)  CPH, C-EN, GB, SVM, RF, 

CGB, ST 
 
1-year survival 
 

.68 (C-index; RF) Serum bilirubin, 
distance, BMI, D 
terminal SGPT/ALT, D 
PCO2 

Miller (2019) ANN, CART, RF 
 
1, 3, 5-year survival 

.74 (AUC; RF) Diagnosis, ecmo AT 
mech vent AT, D 
Gender, D B1 antigen 
levels 

Killian (2023) XGB, LR, SVM, RF, SGD, 
MLP, AdaBoost, NN 
 
1, 3, 5-year survival and 
rejection 
 

.697 (AUC; RF) Grf stat, malig, vad 
device type, days status 
1, height ratio 

Miller (2022)  RF, XGB, L2-LR, L2-Cox, 
SGB, RSF 
 
90-day, 1-year survival 
 

.836 (AUC; RF w/ 
shuffled CV) 

N/A 

* CPH, Cox proportional hazard; C-EN, Cox with elastic net; GB, gradient boosting; SVM, support vector 
machines; RF, random forest; CGB, component gradient boosting; ST, survival trees; ANN, artificial neural 
network; CART, classification and regression tree; XGB, extreme gradient boosting; LR, logistic regression; SGD, 
stochastic gradient decent; MLP, multi-layer perceptron; AdaBoost, adaptive boosting; NN, neural network; L2-LR, 
L2 regularized logistic regression; L2-Cox, L2 regularized Cox regression; SGB, survival gradient boost; RSF, 
random survival forest 

 

  



 27 

Appendix B: Variable Groups 

Candidate Donor Echo 

GENDER_CAND WEIGHT_DON_KG ECHO_ABNL_CUM 

RACE_CAND HEIGHT_DON_CM ECHO_LVSWMA 

WEIGHT_CAND_KG CARDARREST_POSTNEURO_DON ECHO_OBJECTIVE 

HEIGHT_CAND_CM DEATH_CIRCUM_DON ECHO_OBJECTIVE_SCALE 

BMI_CAND RISK_HEP_DON ECHO_VALVE_FXN 

TX_YEAR HRS_DECEASED_AT_CLAMP ECHO_QUAL 

TX_MONTH SEPTAL_WALL ECHO_GLOBAL_VENT_DYSF 

TX_DOW ABO_MATCH ECHO_biplane_eject_frac 

LISTING_CTR_PREV_SURVIVAL_RATE GENDER_STR ECHO_qual_eject_frac 

ECMO_CAND_TX BMI_DIFF ECHO_four_chamber_eject_frac 

VENTILATOR_CAND_TX HEIGHT_RATIO LV_EJECT_DON 

FUNC_STAT_CAND_TX CREAT_DON  

TRANSFUSIONS_CAND DA1_DON  

CAND_DIAG DB1_DON  

CPRA PCO2_DON  

HLAMIS TRANSFUS_TERM_DON   

DAYS_STAT1A WEIGHT_RATIO   

DAYSWAIT_CHRON AGE_DIFF  

TBILI_CAND_TX Ischemic   

CREAT_CAND_TX ISCHTIME  

 

  



 28 

Appendix C 

Table: Average brier score random forest model for 1-, 3-, and 5-year survival 
Year Candidate Candidate and Ischemic  Candidate and Echo Candidate and donor Donor Only 

1 year .066 .066 .066 .066 .069 

3 year .113 .116 .114 .114 .120 

5 year .142 .140 .134 .144 .176 

 

Table: Average brier score lasso logistic regression model for 1-, 3-, and 5-year survival 
Year Candidate Candidate and Ischemic  Candidate and Echo Candidate and donor Donor Only 

1 year .065 .065 .065 .065 .068 

3 year .116 .116 .116 .116 .120 

5 year .154 .155 .155 .155 .177 

 

Table: Average log loss random forest model for 1-, 3-, and 5-year survival 
Year Candidate Candidate and Ischemic  Candidate and Echo Candidate and donor Donor Only 

1 year .244 .244 .247 .246 .261 

3 year .378 .386 .383 .383 .401 

5 year .453 .450 .449 .461 .534 

 

Table: Average log loss lasso logistic regression model for 1-, 3-, and 5-year survival 
Year Candidate Candidate and Ischemic  Candidate and Echo Candidate and donor Donor Only 

1 year .239 .240 .239 .238 .260 

3 year .384 .386 .386 .385 .402 

5 year .484 .486 .486 .487 .537 
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