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Abstract

On the basis of the preliminary analysis, a simulation of graft survival in recipients is carried
out 3 years after kidney transplantation to find the most significant factors that non-randomly
affect the probability of graft survival after kidney transplantation. A semiparametric Cox
proportional hazards regression model was constructed to estimate the survival of a functioning
graft. It was shown that the risk of rejection in the group of recipients with changes in key
hematological and immunological indicators is more aggressive and prognostically
unfavorable. It has been proven that the most significant signs (p<0.001) include four signs:
the number of HLA-antigen mixmatches before kidney transplantation, the concentration of
creatinine and leukocytes in the blood, as well as the level of proteins in the urine after kidney
transplantation. The possibility of further use of the obtained model for predicting the survival
of recipients 3 years after transplantation is indicated.

Keywords 1
Cox regression, HLA-antigens, creatinine, blood leukocytes, proteins in urine, transplant
survival analysis

1. Introduction

In recent years, there has been an increase in the frequency of kidney transplants in Ukraine.
Sometimes two or more transplants of organs originating from the same cadaver donor are performed.
Thus, in Ukraine, the interval between the first and second kidney transplantation is, on average, 11 to
20 years [1]. Modeling the nature of the recipients' survival required a preliminary assessment of their
survival, taking into account the presence of hematological and immunological risk factors in the
recipients.

There are different methods of assessing graft survival and functioning, as there is no single
universal method of graft prediction. Currently, four different methods of survival prediction are used
in statistics, each of which has its own tasks. The most common method that allows us to empirically
estimate the probability of surviving a separate time survival function is the Kaplan-Meier method [2].
With the help of this method, the results of which are presented in our previous work [3], in the group
of recipients 30 days after transplantation, it was determined that in the perioperative period, survival
after kidney transplantation is influenced by 6 indicators, first of all, the absence of the previous
hemodialysis, high leukocytosis, urea and creatinine in the blood, proteinuria, and erythrocyturia in the
urine. Another method that allows you to estimate the cumulative risk function is the Nelson-Aalen
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method [4]. These two methods do not require additional information in the form of a survival function,
but the errors allow us to estimate the effect on graft survival. Only one category of predictors not being
able to correct for covariates and based on the assumption of non-informativeness. The use of these
methods in conditions of competing risks gives a premature estimate of survival [5]. The most common
method of survival analysis in the presence of competing risks is the cause-specific Cox proportional
hazards model [6].

This method is used when the purpose of the research is to study the cause-and-effect relationships
of various factors and determined consequences. However, it is necessary to correctly analyze the
results of such forecasting. The Cox method allows for estimating the risk of a specific event among
patients who lived to the corresponding moment and were not exposed to any of the competing events.
Since competing events are censored, it is impossible to directly assess the influence of covariates on
their frequency of occurrence [7]. An alternative model for the Cox index can be the model of competing
risks of Fine and Gray — a study of the probability of a certain outcome [8]. This method models the
influence of covariates on the cumulative incidence function and can be applied when the goal of the
study is not to study etiological associations but to evaluate each probability from possible competing
events. Therefore, the question arose regarding the possibility of modeling the survival of recipients, in
the time period from 0 to 3 years after transplantation, by the Cox proportional hazards model, based
on the search for the most significant factors that non-randomly affect the probability of survival of
recipients with multiple risk factors with the aim of further use of this model, and possibly an alternative
model of Fine and Gray, for predicting survival in a certain feature space. The main objective of this
study is to use the Cox proportional hazards regression model to independently confirm the key risk
factors associated with early transplant rejection (during the period from 0 to 5 years after
transplantation) according to changes in the blood concentration of the main hematological and
immunological indicators before and after transplantation.

2. State-of-the-arts

Cox's risk prediction model for predicting mortality was used in 2021 by a group of Latvian scientists
from Riga, who included 68 patients with immunoglobulin A nephropathy in the regression analysis. A
moderate degree of correlation between the predicted and observed five-year risk was found (p=0.001)
due to such factors as gender, tubular atrophy/interstitial fibrosis, and diastolic blood pressure, which
affect the survival of the kidney in this pathology [9]. In the Republic of Poland, it was determined that
a poor 5-year mortality risk was observed in patients with high levels of interleukin 6 and coronary
artery calcification in patients with chronic renal insufficiency [10]. PRA Other scientists from 6
transplantation centers from different cities of the Republic of Poland analyzed the data, which included
age, sex, PRA, HLA, number and time of hemodialysis after transplantation, time of cold ischemia and
etiology of end-stage renal failure.

The impact of the data that was considered in this study was evaluated at a specific point in time 5,
10, 15 years after transplantation. In this study, statistical methods included Kaplan-Meier univariate
and multivariate survival analysis and the Cox proportional hazards model to predict mortality. The
authors concluded that elevated PRA in kidney recipients is a risk factor that increases mortality after
transplantation [11]. In the U.S.A, in the modern donor kidney distribution system, the regression
equation used to calculate the estimated post-transplant survival was analyzed, and it was determined
that several terms are represented by the interaction of factors [12]. In contrast to the Kaplan-Meier
method, Cox regression models the hazard function rather than survival but can provide an adjusted
survival estimate. It is also necessary to take into account that some events may occur earlier and thus
mask those events that mainly occur later if the patient drops out of the study after the occurrence of
any of the events [13]. In order to avoid losing information about subsequent events, which may also
be of some importance, different hierarchical models can be used, which in turn complicates the study
[14].

In addition, it should not be forgotten that, in addition to this, that such an approach does not require
compliance with the assumption of independence of competing events. It assumes that competing
events have a similar nature or genesis and are equivalent in direction and strength of effect [15]. This
assumption is sometimes not followed. For example, as a result of a multivariate analysis (Cox



proportional hazards method), which evaluates the relationship between the panel-reactive antibody
(PRA) indicator and the composite end point of exit from the waiting list - transplantation or death on
the waiting list, it is possible to reach a paradoxical conclusion that high values PRAs are associated
with a lower dropout risk [16].it was caused by combining two opposite mutually exclusive events into
one composite endpoint. In risk analysis adjusted for competing events, an increase in PRA was
associated with an increased risk of death and a decreased risk of being removed from the transplant
waiting list. At the same time, the size of the effect on the risk of the second event was significantly
larger than on the risk of the first. Perfentseva N.O., Golubova G.V. When modeling the survival of
cancer patients, four methods of implementing Cox regression in statistical data processing packages,
their advantages and disadvantages are substantiated. Statistical criteria characterizing the suitability of
the model are described. The issue of data censoring and the concept of a "critical” event, which is
usually understood as the death of a patient, are considered. The existence of a trend is proved, provided
that more than 25% of the observations are censored in the studied sample population.

It is noted that deviation residuals, Martingale residuals, and Schoenfeld residuals are not residuals
in the classical sense, as in linear regression. Abnormal observations (outliers) are detected by residual
deviations [19].

3. Materials and Methods

These recipients received HLA-compatible kidney allografts from donors who were their first- and
second-line relatives in Ukraine and unrelated cadaveric organs abroad (Poland, Belarus, and others).
Among the 152 recipients, there were 64 (42.1%) female recipients and 88 (57.9%) male recipients
with a mean age of 32.6 + 8.7 years (the minimum-maximum age range was 18-60 years) at the time
of kidney transplantation. From this group of patients, within 3 years, 107 (70.4%) patients remained
with a functioning transplant. To model the prediction of the loss of kidney transplant function in
recipients from 0 to 3 years after kidney transplantation, we used the semi-parametric Cox regression
model [6], in which "hazard" is considered as a risk calculation as a time-dependent function.

The main advantage of this model is that it allows working with categorical and censored data. In
general, the model can be presented in the following form: where h(t) is the risk function determined
by a set of k factors X1, X2, ..., Xk ; t —survival time; by , bz, ..., by — coefficients determining the influence
of X1, X2, ..., X respectively; hy is the basic risk. For the general characteristics of survival, 152
recipients who received special treatment in the department of nephrology and dialysis of the ENT
hospital "Lviv Regional Clinical Hospital" from 1992 to December 2020 within the framework of a
retrospective controlled open study on the selection criteria of acute rejection were included in the
sample base.

The collected data included information on basic clinical and laboratory parameters and methods of
immunosuppressive therapy in these recipients 30 days after kidney transplantation. The clinical and
laboratory data evaluation results are described in our previous work [2]. For modeling, after an in-
depth analysis, it was decided to build Cox regression using the forward method. Its essence is that the
inclusion of factors in the model starts with a smaller number of effects and step by step goes to a larger
number with the possibility of only adding effects to the model at each iteration, in contrast to the
stepwise method, which involves adding and removing effects from the model at each iteration.

As for the backward method, the first step is to process all the effects, and then it starts removing
the effects from the model step by step. If an effect is removed at any step, it is no longer added to the
model at any other step. Cox regression is designed to work with censored data. The standard data
model was built in Excel, and the analytical data model was built in the SAS 9.4 software environment.
All calculations were also done in the SAS 9.4 software environment.

4. Results and Discussion

According to Cox's proportional hazards regression analysis results, only four factors associated
with loss of graft function in recipients after kidney transplantation were found out of 66 research
indicators. When building a forecasting model of a semi-parametric Cox proportional hazards



regression model. The result was considered positive if the patient lived with a satisfactorily functioning
kidney transplant for more than 3 years (Fig. 1)

The result was considered negative in case of loss of function of the transplant and return of the
patient to hemodialysis treatment or in case of death of the patient (Fig. 2). In order to identify the
factors associated with the reliable cessation of graft functioning, a mathematical selection of the most
significant signs was carried out [20-22]. It was found that the most significant signs (p<0.001) include
four signs: the number of HLA-antigen mixmatches before kidney transplantation, the concentration of
creatinine and leukocytes in the blood, as well as the level of proteins in the urine after kidney
transplantation. A Cox proportional hazards regression model was built on the selected set of features.
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Figure 1: Patlent R., based on these indicators, the line does not go down (not shown in the plcture)
which indicates a good prognosis for the transplant.
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Figure 2 Patient R., the I|ne descends which |nd|cates the danger of acute transplant rejectlon

As aresult, it has been proven that the developed Cox regression model for the general sample makes
sense and can be used to predict transplant survival in recipients after kidney transplantation based on
the presence of immunological or biochemical changes in indicators. A semi-parametric Cox
proportional hazards regression model considers "hazard" as a risk calculation as a time-dependent
function. It models the impact of predictors on the hazard level, taking into account the observation
period, and allows for incomplete (censored) observations. The risk function describes the
instantaneous probability of an event for subjects who are still prone to risk [23]. Similar results were
obtained by other authors from Ukraine who studied patients with CKD of the 5th stage who are treated



with hemodialysis. According to the results of univariate Cox regression analysis, they found that high
prognostic values of the Hazard Ratio are an independent predictor of the occurrence of new
cardiovascular events, being older than 35 years, current/previous asymptomatic nasal carriage of
methicillin-resistant Staphylococcus aureus (MRSA) and initial vascular access type of anastomosis
[24, 25].

5. Conclusions

In this article, it is determined that this mathematical model for predicting the loss of kidney
transplant function was obtained as a result of an examination of 152 patients who were in the
perioperative period (30 days after kidney transplantation). When building a prediction model, the result
was considered positive if the patient lived with a satisfactorily functioning kidney transplant for more
than 3 years. The result was considered negative in case of loss of function of the graft and return of
the patient to hemodialysis treatment or in case of death of the patient. In order to identify the factors
associated with the reliable cessation of graft functioning, a mathematical selection of the most
significant signs was carried out. It was found that the most significant signs (p<0.001) include four
signs: the number of HLA-antigen mixmatches before kidney transplantation, the concentration of
creatinine and leukocytes in the blood, as well as the level of proteins in the urine after kidney
transplantation. A Cox proportional hazards regression model was built on the selected set of features.

Thus, on the basis of these data in the blood, it is possible to predict the first signs of possible
transplant rejection by performing these tests. Our study shows a strong correlation between groups of
recipients who are at risk of rejection versus those who are not. Therefore, to improve the quality of the
prediction model, it is necessary to use different versions of the Cox model or an alternative model of
Fein and Gray. Also, the future research will be based on the using machine learning model for solving
the stated task [26, 27].
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