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Abstract
This study models survival times in pediatric patients following bone marrow trans-
plantation by comparing several modeling approaches. We analyze time-to-event
data using the semi-parametric Cox proportional hazards model, as well as fully
parametric exponential, log-logistic, and generalized gamma models. The model
performance is assessed using the Akaike information criterion and the concor-

dance index.
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1 Introduction

Bone marrow transplantation is a versatile and often life-saving treatment for children with
a wide range of serious diseases. Bone marrow cells, also known as stem cells, are imma-
ture blood cells capable of developing into any of the major blood cell types: red blood
cells, white blood cells, and platelets. The primary types of transplants include autologous
transplantation, in which patients receive stem cells collected from their own bodies; al-
logeneic transplantation, where stem cells are obtained from a donor; and umbilical cord
blood transplantation, which uses stem cells harvested from the umbilical cord immediately
after birth. The overarching goal of bone marrow transplantation is to replace diseased or
damaged marrow, thereby treating or curing otherwise life-threatening conditions, including
certain cancers. Although the procedure carries risks—such as infection, low platelet counts,
pain, diarrhea, nausea, and vomiting—these risks are often outweighed by the severity of

the underlying diseases for which the transplant is indicated.



Research on bone marrow transplantation began in the late 1940s, motivated in part by
the urgent need to understand the effects of high levels of radiation exposure in humans.
Early experiments in mice revealed that injections of bone marrow could restore blood cell
production and protect against radiation, a groundbreaking discovery at the time. Translat-
ing these findings to humans, however, proved far more challenging, and initial attempts at
human transplants frequently failed, causing many researchers to abandon the field. Progress
resumed with successful transplant experiments in dogs, paving the way for controlled hu-
man trials. Early clinical results were promising: some patients achieved long-term survival
rates of roughly 45%, a remarkable outcome given the complexity of the procedure. Today,
advances in conditioning regimens, donor matching, and supportive care have dramatically
improved outcomes, with long-term survival rates reaching around 80% for many pediatric
conditions.[1,2] This history reflects the remarkable evolution of bone marrow transplanta-

tion from experimental animal studies to a life-saving therapy for children worldwide.

1.1 Literature Review

In the context of bone marrow transplantation, several studies have demonstrated the effec-
tiveness of survival modeling techniques, both traditional and machine learning-based, for
predicting patient outcomes.

The Cox proportional hazards model remains the standard approach in survival analysis.
For example, Bhatia et al. (2021) employed the Cox model to predict survival over four
decades for patients who received allogeneic blood or marrow transplants.[3] Such studies
highlight the robustness and interpretability of the Cox model in analyzing long-term survival
outcomes.

In addition to the semi-parametric Cox model, fully parametric regression models are
commonly used in survival analysis. These models have shown particular promise in trans-
plant research. Sayemiri et al. (2009) applied parametric models to investigate predictor
variables influencing survival time after stem cell transplantation and demonstrated improved
estimation through maximum likelihood methods.[4] In the present study, we use the Cox
model along with exponential, log-logistic, and generalized gamma parametric regressions to
compare their performance and goodness-of-fit within our dataset of pediatric bone marrow
transplant patients.

Taken together, the literature demonstrates that both parametric and semi-parametric
models provide valuable insights into post-transplant outcomes. This study builds on prior
work by comparing the performance of Cox and parametric models within a unified frame-
work, thereby providing a comprehensive assessment of predictive methods for pediatric bone

marrow transplant survival.



1.2 Data Description and Preprocessing

The dataset used in this study, titled Bone Marrow Transplant: Children, was obtained from
Kaggle. It includes clinical and demographic data for 187 pediatric patients who underwent
unmanipulated allogeneic unrelated donor hematopoietic stem cell transplantation. The
patients were treated for various hematologic disorders, including leukemias, myelodysplastic
syndrome, aplastic and Fanconi anemia, and X-linked adrenoleukodystrophy.

The original motivation for collecting this dataset, as described by Katwak et al. (2010),
was to identify the key factors that influence the success or failure of pediatric stem cell
transplantation. In particular, their study tested the hypothesis that a higher dose of CD34™
cells per kilogram of recipient body weight improves long-term survival without increasing
the risk of severe graft-versus-host disease or other adverse outcomes.[5] This dataset has
since been used in several machine learning and rule-based modeling studies on survival rule
induction (Wrébel et al., 2017; Sikora et al., 2019; Gudys et al., 2020).[6, 7, 8]

Overall, the dataset contains 37 predictor variables encompassing donor and recipient
characteristics, transplant parameters, immunologic compatibility, and post-transplant out-
comes. A full descriptor file, the original dataset, and the modified dataset can be found in
this project’s GitHub. In preparing the data for analysis, we removed all columns and rows
with missing values, as well as derived variables, reducing the original 37 variables to 22.
Based on the computed Spearman correlation values, we selected five variables for detailed
analysis due to their known or hypothesized relevance to post-transplant survival outcomes.
The primary outcome variables are survival time and survival status. A detailed table (Table

A) of variable descriptions and distributions is provided in the appendix.

2 Methodology: Modeling Survival Functions with Pre-

dictors

2.1 The Kaplan-Meier Survival Curve

Let T be a non-negative random variable representing the time until an event of interest

occurs. The survival function S(¢) is defined as
S(t)=P(T >t).

Let t(1) < t) < -+ < tx) be the ordered observed survival times, d; the number of

deaths at time ¢(;), and n; the number at risk just before ¢;). The Kaplan-Meier estimator

St = ][ <1—%>, t>0.

LORY

of the survival function is



The Kaplan—Meier survival curve is a plot of this estimator, represented as a step-wise

decreasing function with jumps at observed event times.|9]

2.2 Cox Proportional Hazards Model

Let T' be a survival time, and let x1,...,z, be the predictors. The Cox model specifies the

survival function in the form
S(t,z1, ..., 1,) = [so(t)} >0,

where Sy(t) is the baseline survival function corresponding to an often hypothetical baseline
individual with zero predictors, and r = exp{fiz1 + --- + B, 2,} is the relative risk.[9]

Alternatively, the model may be formulated in terms of the hazard function

_ [

(t)—%, t >0,

which represents the instantaneous event rate given survival up to time ¢. In the Cox model,
h(t) = ho(t)r, t >0,

where hg(t) is the baseline hazard function. For any two individuals, the ratio of their hazard
functions depends only on their covariates and not on time. Hence the name proportional

hazards.

The estimated regression coefficients admit the following interpretation. When x; is
continuous and increases by one unit, the estimated hazard changes by (exp{ Bl} — 1) -100%,
holding all other predictors fixed. If z; is a binary (0-1) variable, then exp{f;} - 100%
represents the estimated percent hazard ratio comparing individuals with x; = 1 to those

with z; = 0, controlling for the other predictors.

2.3 Exponential Model

The exponential survival model provides a parametric estimator of the survival function. It

is assumed that the time to event T follows an exponential distribution with density
f(t) = Xexp(=At), t>0. [9]
Thus, the survival function of 7' is

S(t) = exp(—=At), t >0,



where
A =exp(Bo + frar + - + 5199519)-

In this model, the hazard function is independent of time, since

h(t) = % — A

The interpretation of the estimated coefficients is analogous to that in the Cox model, ex-

pressed in terms of the hazard function.

2.4 Log-Logistic Survival Regression Model

The log-logistic survival regression model is a parametric model for time-to-event data in
which the logarithm of the survival time T follows a logistic distribution. The survival

function of T is

S(t) = !

= , t>0,
1+ exp (—logf“)

where the location parameter

M:60+51m1+"'+5pxp

is modeled as a linear function of the predictors, and the scale parameter o > 0.[9]
In contrast to the Cox and exponential models, which satisfy the proportional hazards prop-
erty, the log-logistic model satisfies the proportional odds property. The odds of failing by

time t are
1-S(t) o <logt — M) _ /e gnlo,
S(t)
which are proportional across individuals. That is, the ratio of these odds for any two indi-

viduals is independent of time.

The interpretation of the estimated regression coefficients is as follows. For a continuous
predictor z1, the quantity
(exp{—pi/5} — 1) - 100%
represents the percent change in the estimated odds of failing by time ¢ when x; increases by
one unit, holding all other predictors fixed. If z; is an indicator variable, then exp(— B /o) -

100% gives the percent factor of the estimated odds comparing individuals with z; = 1 to

those with x1 = 0 (the reference group), again holding all other predictors constant.



2.5 Generalized Gamma Survival Regression Model

In the generalized gamma survival regression model, the probability density function of T

can be written as .
. )\OK ()\ t)pa 6_(>\t)a

where the scale parameter A is modeled as a function of predictors as

, t>0,

)‘:eXp{BO‘i‘ﬁlxl +"'+5p$p}a

and k > 0 and a > 0 are shape parameters. This distribution includes the following special
cases: gamma when o = 1, exponential when o = 1 and k£ = 1, and log-normal as a limiting
distribution when k& — 00.[9]

The survival function of T is derived as

B ° ACY()\U)pkil —(Aw)®

Substituting y = (Au)* with dy = A (Au)*"'du, we arrive at

, t>0.
Atya (k)

The generalized gamma model satisfies the accelerated failure time assumption, which
implies that the times to event for two individuals are proportional. In other words, the
survival experience of one individual can be viewed as a time-scaled version of the other’s.
Formally, there exists a constant #, independent of time, such that the survival function
for one individual, S(¢), can be expressed as the survival function for the other individual

evaluated at 6t. Specifically,

1 o 1 o
S(t,\) = —/ y"leVdy = —/ Y leVdy = S(6t,\
&3 L'(k) Jope L'(k) J a0t (61, 22)

where = A\ /Ay, and \; and A\, are the scale parameters for the two individuals. The pa-
rameter 6 is termed the acceleration factor since when 6 > 1, the survival time is stretched
or decelerated (longer survival), whereas when 6 < 1, the survival time is compressed or

accelerated (shorter survival).

The interpretation of the estimated regression coefficients is as follows. If z; is continuous,
then for a one-unit increase in x, the estimated acceleration factor changes by (exp{— Bl} -
1)-100%, keeping the other predictors constant. If z; is a 0-1 variable, then exp (—Bl) -100%
measures the percent ratio of the estimated acceleration factors for individuals with x; =1

to those with z; = 0, again controlling for the other predictors.



2.6 Performance Measures

Model performance in survival analysis can be assessed using both goodness-of-fit and dis-
crimination measures. For parametric survival models, the Akaike Information Criterion

(AIC) is commonly used to compare model performance. It is defined as
AIC = —2In(L) + 2p,

where L is the maximized likelihood function, and p denotes the total number of estimated

parameters of the model. Lower AIC values indicate better model fit.[10]

However, AIC values are only meaningful when models are fitted via full likelihood max-
imization. Because the Cox proportional hazards model uses a partial likelihood rather than
a full likelihood, its AIC is computed on a different scale. As a result, the AIC for a Cox
model cannot be directly compared with the AIC from fully parametric models, and should

only be compared among Cox models themselves.

For models that do not rely on full likelihood maximization—such as the Cox model—
model performance is more appropriately evaluated using the concordance index (c-index).[10]
The c-index measures predictive discrimination: how well the model distinguishes between
individuals with different survival times. It represents the proportion of all usable subject
pairs for which the model correctly predicts which individual experiences the event earlier.
A c-index of 0.5 indicates performance no better than chance, whereas a value of 1 reflects
perfect discrimination. Because the c-index is scale-free and does not depend on how the
underlying risk is parameterized, it allows for direct comparison across Cox and parametric

survival analysis models.

3 Applications and Results

First, we estimate the survival function of the survival times following bone marrow stem
cell surgery using the Kaplan-Meier estimator and plot the corresponding survival curve
(see Figure 1). The curve exhibits an approximately exponential decay, suggesting that an

exponential survival model may provide a good fit.



Kaplan-Meier Curve
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Figure 1: Kaplan—Meier survival curve.

3.1 Comparison of Model Fit

Next, we fit the Cox proportional hazards model, and the three parametric regressions (ex-
ponential, log-logistic, and generalized gamma). The corresponding model performance mea-

sures are summarized in Table 1.

Table 1. Model Performance Measures.

Model Name C-index AIC
Cox Model 0.3283160 NA
Exponential 0.3293195 | 1337.411
Log-Logistic Model 0.6722313 | 1286.734
Generalized Gamma Model | 0.6712279 | 1284.124

We can see that, of the three parametric models, the generalized gamma provides the best

fit, as its AIC is the lowest, with almost the highest c-index, suggesting that the data may
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exhibit the accelerated time property. It significantly outperforms the Cox and exponential
models, suggesting that the data exhibit properties such as non-constant hazard rates and

departures from strict proportional hazards.

3.2 Results of the Fitted Generalized Gamma Model

The estimated parameters of the generalized gamma regression model are given in Table 2

along with the corresponding p-values for testing equality to zero, when appropriate.

Table 2. Parameter estimators and p-values for generalized gamma regression.

Parameter  Estimator p-value
Intercept 8.480181 NA

relapse - 1.145374  0.0032
acuteGvVHD - 1.354907  0.0096
rh - 1.058534  0.022

bodymass - 0.026892  0.956
CD34Dosage  0.049443  0.998
k 1.63 NA
o 0.29 NA

The fitted generalized gamma survival model has the form
. 'k, (\1)%)

S(t) = RO t>0,

with A\ = exp {8.480181 — 0.026892 bodymass — 1.058534rh — 1.354907 acuteGvHD —
1.145374 relapse + 0.049443 CD34Dosage}, and the estimated shape parameters k=163
and & = 0.29.

Because the generalized gamma model performed best among all candidates, our results
suggest that the data are more consistent with an accelerated failure time structure rather
than a proportional hazards or proportional odds framework. Analysis of the generalized
gamma model indicates that post-transplant complications, particularly relapse and the de-
velopment of acute graft-versus-host disease (GvHD), are the strongest predictors of reduced
survival time, with p-values of 0.0032 and 0.0096, respectively.

Recipients who experience relapse are estimated to have a survival time equal to
exp(—1.145374) - 100% = 31.81% of that of recipients without relapse, underscoring the

critical importance of preventing disease recurrence. Similarly, recipients who develop severe
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acute GVHD are estimated to have a survival time of exp(—1.354907) - 100% = 25.80% of
that of recipients who do not develop acute GvHD, highlighting its profound adverse impact
on patient outcomes.

Survival time for rhesus-positive recipients is estimated to be exp(—1.058534) - 100% =
34.70% of that for rhesus-negative recipients. With a p-value of 0.022, this effect is statis-
tically significant, although less pronounced than those associated with relapse and acute
GvHD.

In addition, the fitted model suggests that a one-kilogram increase in body mass is
associated with an estimated |(exp(—0.026892) — 1) - 100%| = 2.65% decrease in expected
survival time. Conversely, a one-unit increase in CD34 dosage is associated with an estimated
(exp(0.049443) — 1) - 100% = 5.07% increase in survival time. However, neither body mass
nor CD34 dosage is a statistically significant predictor, with corresponding p-values of 0.956
and 0.998, respectively.

3.3 Discussion

These results are consistent with previously published work on parametric and semi-parametric
survival models. In a 2010 study, Sayemiri et al. applied similar analytical methods to a
comparable dataset of leukemia patients undergoing hematopoietic stem cell transplantation
and found that the generalized gamma model provided the best overall fit across multiple
data characteristics.[4] Consistent with their findings, our results suggest that the dataset
exhibits accelerated failure time properties rather than proportional hazards or proportional
odbds behavior.

Moreover, the significance of key covariates aligns across studies, with post-transplant
complications such as acute graft-versus-host disease (acute GvHD) and relapse emerging
as dominant predictors of survival. Overall, the concordance between our findings and es-
tablished research underscores the utility of parametric models—particularly the generalized
gamma model—in effectively characterizing and predicting survival outcomes in hematopoi-

etic stem cell transplant patients.

4 Conclusion and Future Directions

After eliminating highly correlated or redundant covariates, we applied a Cox proportional
hazards model along with three parametric regression models to analyze post—bone marrow
transplant survival. Among these approaches, the generalized gamma model demonstrated
the best overall fit. Relapse, acute GvHD grades III-1V, and recipient Rh status emerged as

the most influential predictors of survival.
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Future work may focus on the application of machine learning methods specifically de-
signed for time-to-event data, such as random survival forests, gradient boosting models
for survival, and survival support vector machines, to this dataset and to other disease do-
mains. These approaches may further improve predictive performance while allowing for the
assessment of robustness, interpretability, and clinical utility in real-world medical decision-

making.

Supplemental Materials

The dataset, R code, and all relevant outputs are available in the project’s GitHub repos-
itory (https://github.com/sathvik-kommireddy/Bone-Marrow-Transplant-Analysis) for re-

producibility and further exploration.
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Appendix

Table A. Variable Description

Variable

Description

Distribution

relapse

Binary variable indicating whether the
patient’s underlying disease recurred after

transplantation.

acuteGvHD

Acute Graft-versus-Host Disease (GvHD)
grades III-1V. Binary variable indicating

whether the patient developed severe acute

GvHD.

rh

Presence or absence of the Rh (Rhesus) factor,
a protein found on the surface of red blood
cells, in the recipient’s blood (Rh-positive or
Rh-negative).

bodymass

Recipient’s body mass of the pediatric patient
at the time of transplantation, measured in kg.

CD34 Dosage

CD34 x10°/kg: dose of hematopoietic stem
cells marked by the CD34 protein.

Survival Time-to-event variable representing time to

Time death or follow-up duration for surviving
patients.

Survival Binary indicator of patient status at the end of

Status observation (0 = alive, 1 = deceased).
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