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ABSTRACT
Immune monitoring is essential for maintaining immune homeostasis after renal transplantation 
(RT). Peripheral blood lymphocyte subpopulations (PBLSs) are widely used biomarkers for 
immune monitoring, yet there is no established standard reference for PBLSs during immune 
reconstitution post-RT. PBLS data from stable recipients at various time points post-RT were 
collected. Binary and multiple linear regressions, along with a mixed-effect linear model, were 
used to analyze the correlations between PBLSs and clinical parameters. Predictive models for 
PBLS reference values were developed using Gradient Boosting Regressor, and the models’ 
performance was also evaluated in infected recipients. A total of 1,736 tests from 494 stable 
recipients and 98 tests from 82 infected recipients were included. Age, transplant time, induction 
therapy, dialysis duration, serum creatinine, albumin, hemoglobin, and immunosuppressant drug 
concentration were identified as major factors influencing PBLSs. CD4+ and CD8+ T cells and NK 
cells increased rapidly, stabilizing within three months post-RT. In contrast, B cells peaked at 
around two weeks and gradually plateaued after four months. Both static and dynamic predictive 
models provided accurate reference values for PBLSs at any time post-RT, with the static model 
showing superior performance in distinguishing stable, infected and sepsis patients. Key factors 
influencing PBLS reconstitution after RT were identified. The predictive models accurately 
reflected PBLS reconstitution patterns and provided practical, personalized reference values for 
PBLSs, contributing to precision-guided care. The study was registered on Chinese Clinical Trial 
Registry (ChiCTR2300068666).

1.  Introduction

Renal transplantation (RT) is an effective treatment for 
end-stage renal disease (ESRD), but postoperative immuno-
suppression is routinely required for renal transplant recipi-
ents (RTRs). Currently, immunosuppressive drugs, primarily 
calcineurin inhibitors (CNIs), are dosed based on weight and 
adjusted according to drug concentration. However, drug 
concentration alone does not directly reflect the host’s 
immune status, and clinical outcomes can vary significantly 
among individuals, even with similar drug levels. In contrast, 
immune monitoring using appropriate biomarkers can 
directly assess immune function, enabling a shift from empir-
ical immunosuppressive treatment to precision-guided care 
tailored to each patient.

Several biomarkers have been identified for immune mon-
itoring in RTRs [1–3]. Due to considerations of technical diffi-
culty, laboratory hands-on time, and cost, peripheral blood 
lymphocyte subpopulations (PBLSs)—including CD4+ T cells, 
CD8+ T cells [4], B cells, and natural killer (NK) cells [5]—have 
become the most widely used biomarkers in transplantation 
centers. Previous studies have demonstrated that PBLS mon-
itoring can aid in clinical diagnosis, treatment decisions, and 
prognosis prediction for infection in RTRs [6–9].

Unlike in healthy individuals, where PBLS reference values 
are relatively stable [10], the situation in RTRs is more com-
plicated. Induction therapy, particularly T cell-depleting 
agents like anti-thymocyte globulin (ATG), significantly 
impacts the numbers of both T and non-T cells [11]. 
Consequently, PBLS levels often drop to nearly zero during 
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the perioperative period and gradually recover 
post-transplantation, a process known as immune reconstitu-
tion in RTRs [12]. Additionally, ongoing immunosuppressive 
regimens further suppress immune cell proliferation, render-
ing the reference values for healthy individuals inapplicable 
to RTRs. The absence of accurate reference values for RTRs 
limits the clinical utility of PBLSs in immune monitoring.

To address this gap, we collected a large dataset of PBLS 
measurements during immune reconstitution in RTRs and 
used machine learning techniques to develop predictive 
models. The patterns and influencing factors of immune 
reconstitution in stable RTRs were identified, and the predic-
tive models demonstrated effectiveness in identifying RTRs 
with infections based on predicted PBLS values.

2.  Materials and methods

2.1.  Study design and population

This retrospective study enrolled patients who underwent 
PBLS tests from January 1st, 2017 to December 31st, 2021 in 
our center. The inclusion criteria were as follows: (1) patients 
received RT from deceased organ donation (DD) [13] in our 
center after January 1st, 2015, or from close family members; 
(2) patients had complete clinical information during the 
perioperative period and follow–up; (3) age ranged from 18 
to 70 years; (4) no multiple–organ transplantation. The stable 
RTRs were defined as follows: (1) no infection when receiving 
the test; (2) no delayed graft function (DGF) or rejection 
during the perioperative period; (3) patients had stable 
allograft function (serum creatine ≤ 176 µmol/L) without clin-
ical manifestations of rejection during the non–periopera-
tive period.

RTRs diagnosed with infection were also included to vali-
date the predictive model for differentiating stable and 
infected patients. Diagnostic criteria of infection (pneumonia, 
urinary infection or other infections) were as follows: (1) 
obvious clinical symptoms including fever, cough, pollakiuria, 
diarrhea, etc.; (2) positive laboratory tests including blood 
routine examination, serum procalcitonin, (1–3)–beta–D–glu-
can/galactomannan test (G/GM test) or pathogenic evidence; 
(3) significant imaging findings from X–ray or computed 
tomography (CT) [14]. Sepsis was defined according to the 
Sepsis-3 criteria, and organ dysfunction was assessed using a 
Sequential Organ Failure Assessment (SOFA) score of 2 points 
or more. Given that stable RTRs may maintain relatively 
poorer renal function compared to healthy control, strict use 
of the SOFA score to assess renal function could lead to an 
overestimation of infection severity. Therefore, only KTRs with 
a creatinine level of 171 mmol/L or higher (SOFA score ≥ 2 
points for renal function), or those with a noticeable increase 
in creatinine during infection, were classified as having renal 
dysfunction for SOFA scoring purposes [14]. All infected RTRs 
received the PBLS test within 24 h after admission.

All the DD transplants performed in our center were 
approved by the DD Ethics Committee of the Third Xiangya 
Hospital, Central South University. None of the organs were 
procured from executed prisoners and that organs were 

procured after informed consent or authorization. All DD in 
this study were China category I cases, which aligned with 
the internationally standardized criteria for brain death organ 
donation [15,16]. The study was approved by the Institutional 
Review Board of Third Xiangya Hospital, Central South 
University (22294), and registered on Chinese Clinical Trial 
Registry (ChiCTR2300068666).

2.2.  Immunosuppression

ATG (rabbit ATG, a total of 2 – 3 mg/kg) or basiliximab (20 mg 
at days 0 and 4) was used for induction therapy. In general, 
ATG was administrated for patients with high risk of delayed 
graft function (DGF) or rejection, such as existence of 
donor-specific antibodies (DSA) or high level of panel reac-
tive antibodies (PRA), and receiving allografts from DD or 
extended criteria donors. Basilixmab was administrated for 
the low-risk patients (no preexistence of HLA antibody, 
receiving allograft from living relatives). The standard triple 
immunosuppressive regimens including CNI (tacrolimus or 
cyclosporine A (CsA)), mycophenolate mofetil (MMF, 0.75 g 
per 12 h during perioperative period and 0.5 g per 12 h for 
maintenance) or entericcoated mycophenolate sodium 
(EC-MPS, 0.54 g per 12 h during perioperative period and 
0.36 g per 12 h for maintenance), and corticosteroids (methyl-
prednisolone 500 mg during operation, 250 − 300 mg on day 
1 and day 2, and 120 – 160 mg on day 3; prednisone 20 mg 
since day 4 and gradually reduced to 5 mg) were given as 
the anti-rejection regimens. The target trough level of tacro-
limus was 8 – 10 ng/ml for the first month and 5 – 8 ng/ml 
for maintenance. The target trough level of CsA was 
200 − 300 ng/ml for the first month and 100 − 200 ng/ml for 
maintenance.

2.3.  Immune monitoring panel for PBLSs

The BD Multitest 6–color TBNK reagent with BD Trucount 
tube which identified the percentages and absolute counts 
of total lymphocytes (namely TBNK), CD3+ T cells, CD3+CD4+ 
T cells, CD3+CD8+ T cells, CD19+ B cells and CD16+/CD56+ NK 
cells was used for PBLS test. This panel was performed 
according to the manufacturer’s instructions and analyzed by 
BD FACSCanto clinical software (BD BioSciences, San Jose, 
CA, USA).

During the perioperative period, RTRs routinely received 
the PBLS test every week in our center, or based on clinical 
need. During follow–up, stable RTRs were advised to receive 
1 – 3 PBLS tests within the first–year post transplantation.

2.4.  Machine learning model building

In order to develop predictive models for the reference val-
ues of PBLSs, relevant clinical parameters were classified into 
the static and dynamic indicators. Static indicators remained 
constant over time, which included age, gender, type of dial-
ysis, dialysis duration, donor source (DD or living relatives), 
induction therapy, and the maintenance regimen. Static 
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indicators provided a baseline understanding of a patient’s 
typical recovery trajectory post–transplantation. Dynamic 
indicators were derived from clinical results obtained at each 
examination and reflected the real–time status of the patient, 
which included transplant time, serum creatinine (Scr), blood 
urea nitrogen (BUN), blood uric acid, trough CNI drug con-
centration, albumin, hemoglobin (Hb), and estimated glomer-
ular filtration rate (eGFR).

The static predictive model used only static indicators. We 
stratified the dataset by segmenting it based on specific tar-
get values of a key indicator and then proceeded to calculate 
the average model output for each stratified subgroup, 
ensuring a focused evaluation of model performance across 
different levels of the indicator. In contrast, the dynamic 
model incorporated dynamic results to provide a more 
immediate assessment. Specifically, the dynamic model 
adopted a window of historical dynamic indicators from the 
last (k = 3) clinic examinations as the model input. This tech-
nique was essential in time series analysis and machine 
learning, allowing the model to capture temporal dynamics 
inherent in sequential data. Both models employed Gradient 
Boosting Regressor, a machine learning algorithm for regres-
sion tasks. It sequentially built a series of decision trees, each 
correcting the errors of its predecessors. This method, rooted 
in optimizing a loss function through gradient descent, 
excelled in capturing complex patterns in data.

In the static model, we also identified the inflection points 
using a specialized algorithm. The algorithm discerned the 
overall data trend (increasing or decreasing) and located a 
significant shift in this trend based on specific numerical 
thresholds. For an increasing trend, the algorithm found an 
inflection point where the rate of change shifted from being 
steep to less steep. This was quantitatively defined as a point 
where the average rate of change over two points decreased 
from being above a threshold (e.g., a 30–degree slope equiv-
alent) to below this threshold. Conversely, in a decreasing 
trend, the change point was identified where the rate of 
change shifted from less steep to steeper, using similar slope 
criteria but in the opposite direction.

The predictive models were available for free on the web-
site http://pbls.kqxu.com/. When inputted the required clini-
cal parameters from a certain patient, the predicted PBLS 
reference values for this patient would be calculated and 
presented.

2.5.  Predictive model evaluation

For our training procedure, 80% of the data was randomly 
selected for training and the remaining 20% was for valida-
tion. A grid search optimized each model’s configuration, 
including the number of trees, tree depth limit, and leaf split 
criterion. Evaluation metrics included mean error, mean abso-
lute error, and the mean ratio of absolute error, alongside 
the proportion of the results falling within a 90% confidence 
interval and the mean percentile in the confidence interval.

	 Mean error= ∑ −( ) /true value predicted value n	

	 Mean absolute error= ∑ −| | /true value predicted value n	

	Mean ratio of absolute error=Mean absolute error mean true value/ 	

2.6.  Statistical analysis

The Wilcoxon rank–sum test, unpaired t–test, paired t–test, 
and chi–square test were used appropriately to evaluate the 
significance of differences in data between groups. Binary lin-
ear regression, multiple linear regression, and mixed effect 
linear models were used to analyze the correlation between 
PBLSs and clinical information. A p–value < 0.05 was consid-
ered statistically significant. All statistical analyses were per-
formed using R (4.3.1, Posit Software, Boston, MA, USA), SPSS 
software 26 (IBM, Chicago, IL, USA), or Graphpad Prism 8 
(Graphpad Software, San Diego, CA, USA).

3.  Results

3.1.  Patient characteristics

A total of 8,014 PBLS tests were recorded. After applying the 
inclusion criteria, 494 stable RTRs, accounting for 1,736 tests, 
were enrolled. Additionally, 82 infected RTRs with 98 tests 
were included. The study flowchart is depicted in Figure 1.

The demographic characteristics of the patients were 
detailed in Table 1. Approximately 80% of patients received 
ATG as induction therapy. Moreover, the majority of patients 
received allografts from DD (n = 454, 91.90%) and were main-
tained on tacrolimus (n = 480, 97.17%). Clinical data related to 
these PBLS tests were presented in Table 2. The dataset 
showed a sufficient sample size distribution across various 
post-transplant periods. Given that PBLSs in RTRs changed 
markedly during the perioperative period and that immune 
reconstitution primarily occurred in the early post- 
transplantation stage, data within 90 days post-transplant 
accounted for more than half of the dataset (n = 996, 57.37%). 
Data beyond 365 days were classified into one group.

Statistical data on PBLSs over different post-transplant 
periods were illustrated in Figure 2 and Supplementary Table 
1. The results demonstrated considerable variability, even 
when stratified by transplant time and induction therapy. The 
wide intervals observed in the results rendered them unsuit-
able as reference values for clinical practice, underscoring the 
need for a more precise predictive model of PBLSs.

3.2.  The influence factors of immune reconstitution  
after RT

To identify factors influencing immune reconstitution post-RT, 
multiple linear regression, binary linear regression, and 
mixed-effect linear models were employed to analyze the 
correlation between clinical parameters and PBLSs. Multiple 
linear regression analysis provided an overview of each fac-
tor’s impact on PBLSs (Supplementary Table 2). The analysis 
revealed that clinical parameters including age, induction 
therapy, dialysis duration, Scr, BUN, albumin, and Hb were 

http://pbls.kqxu.com/
https://doi.org/10.1080/0886022X.2025.2493231
https://doi.org/10.1080/0886022X.2025.2493231
https://doi.org/10.1080/0886022X.2025.2493231
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significantly correlated with TBNK and at least four other 
PBLS parameters. The use of ATG as induction therapy was 
strongly and negatively correlated with all PBLS parameters. 
Notably, transplant time did not significantly correlate with 
TBNK or CD4+ T cells.

Further binary linear regression analysis, stratified by induc-
tion therapy, was conducted to assess the correlation between 

transplant time and PBLSs (Supplementary Table 3). Transplant 
time was significantly correlated with TBNK and four other 
parameters at 0 – 7 days and 14 − 30 days postoperatively. In 
the ATG subgroup, CD3+ T cells and CD8+ T cells were notably 
associated with transplant time one year post-RT.

Similarly, the correlation between induction therapy and 
PBLSs across different time periods was analyzed (Supplementary 

Figure 1.  The flowchart of the study. PBLS, peripheral blood lymphocyte subpopulation. RT, renal transplantation. DD, donation after citizen’s death. DGF, 
delayed graft function. RTRs, renal transplantation recipients.

https://doi.org/10.1080/0886022X.2025.2493231
https://doi.org/10.1080/0886022X.2025.2493231
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Table 4). The results indicated that the correlation between 
induction therapy and PBLSs evolved over time. ATG signifi-
cantly reduced PBLSs, except for B cells, within the first three 
months post-RT. Additionally, ATG had a prolonged effect on 
CD4+ T cells throughout the study period, with the most signif-
icant impact observed in the first three months. Violin plots 
illustrating PBLSs stratified by induction therapy are shown in 
Figure 2.

Since some patients underwent multiple tests, a 
mixed-effect linear model was applied for further analysis. 
Interaction effects between transplant time and induction 
therapy, as well as between CNI and drug concentration, 
were considered (Table 3). Age, induction therapy, dialysis 
duration, Scr, albumin, and Hb remained significantly cor-
related with TBNK and at least four other PBLSs. Furthermore, 
CNI drug concentration, but not the type of CNI, was 

Table 1.  Patient characteristics.

Stable patient (n = 494) Infected patient (n = 82) p value

Common characteristics
Age (years) 41.00 (33.00–49.00) 41.00 (32.00–50.00) 0.8313
Male, n (%) 309 (62.55%) 40 (48.78%) 0.0181
Number of included tests, n (%) <0.0001
  1–2 263 (53.24%) 82 (100.00%)
  3–5 133 (26.92%) 0 (0.00%)
  6–10 76 (15.38%) 0 (0.00%)
  >10 22 (4.45%) 0 (0.00%)
Pre-transplant data
Etiology of underlying ESRD, n (%) 0.5370
  Glomerulonephritis 30 (6.07%) 3 (3.66%)
  Diabetic nephropathy 3 (0.61%) 0 (0.00%)
  Other 28 (5.67%) 7 (8.54%)
 U nknown 436 (88.26%) 72 (87.80%)
Type of dialysis, n (%) 0.3434
  Hemodialysis 340 (68.83%) 62 (75.61%)
  Peritoneal dialysis 127 (25.71%) 18 (21.95%)
  Without dialysis 27 (5.47%) 2 (2.44%)
Dialysis duration (days) 492.00 (265.00–962.00) 458.00 (168.00–1429.00) 0.8537
Post-transplant data
Donor, n (%) 0.2222
  DD 454 (91.90%) 72 (87.80%)
  Relative 40 (8.10%) 10 (12.20%)
Induction therapy, n (%) 0.2692
 A TG 394 (79.76%) 61 (74.39%)
 N on–ATG 100 (20.24%) 21 (25.61%)
CNI, n (%) 0.3245
  Tacrolimus 480 (97.17%) 78 (95.12%)
  CsA 14 (2.83%) 4 (4.88%)
Retransplantation, n (%) 19 (3.85%) 2 (2.44%) 0.5290

Normally distributed data was presented as mean ± SD, non–normally distributed data was presented as median (25th percentile 
– 75th percentile).

DD, donation after citizens’ death; RT, renal transplantation; ATG, anti–thymocyte globulin; CNI, calcineurin inhibitor; Scr, serum 
creatinine; eGFR, estimated glomerular filtration rate; BUN, blood urea nitrogen; Hb, hemoglobin; SD, standard deviation.

Table 2.  Test characteristics.

Stable test (n = 1736) Infected test (n = 98) p value

Transplant time (days) 60.00 (17.00–284.00) 313.00 (123.00–758.00) <0.0001
  0–7 days, n (%) 151 (8.70%) 0 (0%)
  7–14 days, n (%) 222 (12.79%) 0 (0%)
  14–30 days, n (%) 250 (14.40%) 2 (2.04%)
  30–90 days, n (%) 373 (21.49%) 16 (16.33%)
  90–180 days, n (%) 186 (10.71%) 19 (19.39%)
  180–365 days, n (%) 198 (11.41%) 15 (15.31%)
  >365 days, n (%) 356 (20.51%) 46 (46.94%)
Scr (μmol/ L) 110.00 (86.00–136.00) 110.00 (94.00–139.00) 0.1829
eGFR (ml/ min/ 1.73 m²) 68.02 (50.59–89.69) 68.12 ± 25.59 0.3162
BUN (mmol/ L) 9.05 (6.50–13.43) 8.34 (5.63–12.41) 0.0488
Blood uric acid (μmol/ L) 347.00 (281.00–415.00) 362.50 ± 100.10 0.0941
Albumin (g/ L) 43.90 (39.45–47.70) 39.32 ± 5.82 <0.0001
Hb (g/ L) 112.00 (95.00–130.00) 117.60 ± 28.54 0.2412
CNI drug concentration (C0)
  Tacrolimus (ng/mL) 7.00 (5.60–8.60) 5.90 (4.55–7.80) 0.0002
  CsA (ng/mL) 147.00 (103.50–201.50) /

Normally distributed data was presented as mean ± SD, non–normally distributed data was presented as median (25th percen-
tile – 75th percentile).

DD, donation after citizens’ death; RT, renal transplantation; ATG, anti–thymocyte globulin; CNI, calcineurin inhibitor; Scr, serum 
creatinine; eGFR, estimated glomerular filtration rate; BUN, blood urea nitrogen; Hb, hemoglobin; SD, standard deviation; C0, 
trough concentation.

https://doi.org/10.1080/0886022X.2025.2493231
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significantly correlated with TBNK. Interaction effects between 
transplant time and induction therapy, and between CNI and 
drug concentration, also significantly influenced TBNK, CD4+ 
T cells, and B cells. However, changes in CD8+ T cells during 
immune reconstitution were primarily driven by induction 
therapy. Significant factors were selected for the further 
development of predictive models.

3.3.  The patterns and inflection points of immune 
reconstitution identified by the static predictive model

The static predictive model was developed using relevant 
static indicators, including age, gender, donor source, induc-
tion therapy, maintenance regimen, type of dialysis, and 
dialysis duration. The number of each PBLS was predicted 

over transplant time. When focusing on a key indicator, 
other indicators were averaged as described in the methods 
section. As shown in Figure 3, induction therapy had a 
strong effect on each PBLS. The ATG subgroup exhibited sig-
nificantly lower PBLS numbers, particularly in the early 
post-RT stage. This difference was most pronounced and 
prolonged in CD4+ T cells. Similar results were observed in 
the analysis of donor source (Supplementary Figure 1), as 
the majority of DD transplants received ATG (n = 1343, 
83.2%), while most relative transplants did not (n = 77, 
63.1%). Patients who did not receive dialysis before RT had 
higher T cell (mainly CD8+ T cells) and B cell counts than 
those who underwent dialysis, with minimal difference 
observed between hemodialysis and peritoneal dialysis 
(Supplementary Figure 2). The longer the dialysis duration, 

Figure 2.  The violin plots of PBLSs at different periods after RT. The data was from stable RTRs and stratified by induction therapy (ATG or non–ATG). (a). 
The cell number of TBNK. (b). The cell number of CD3+ T cells. (c). The cell number of CD4+ T cells. (d). The cell number of CD8+ T cells. (e). The cell 
number of NK cells. (f ). The cell number of B cells. PBLSs, peripheral blood lymphocyte subpopulations. TBNK, a total of CD3+ T cells, B cells, and NK cells. 
RT, renal transplantation. ATG, anti–thymocyte globulin. NK, natural killer.

https://doi.org/10.1080/0886022X.2025.2493231
https://doi.org/10.1080/0886022X.2025.2493231
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the lower the PBLS counts (Supplementary Figure 3). 
Interestingly, patients on tacrolimus as the maintenance reg-
imen had higher PBLS counts compared to those on CsA 
(Supplementary Figure 4). Age also influenced immune 
reconstitution, primarily for T cells, with younger patients (< 
50 years) having higher T cell counts than those aged > 
50 years (Supplementary Figure 5). Gender did not signifi-
cantly affect PBLS immune reconstitution (data not shown).

Despite the impact of several static indicators on immune 
reconstitution, the trends in the curves remained consistent. 
T cells and NK cells rapidly increased post-RT and gradually 
plateaued. The inflection point for CD4+ T cell reconstitution 
was at 29 days post-RT in the ATG subgroup and 25 days in 
the non-ATG subgroup. In contrast, CD8+ T cell reconstitution 
occurred later, with an inflection point at 85 days post-RT in 
both the ATG and non-ATG groups. The inflection points for 
NK cell reconstitution occurred around 50 days post-RT. The 
reconstitution pattern for B cells differed significantly. B cells 
rapidly increased to a peak around 15 days post-RT, then 
decreased, eventually plateauing at approximately 125 days. 
Notably, the plateau level was lower than the initial B 
cell count.

The performance of the static predictive model was eval-
uated using the validation dataset (20% randomly selected 
cases). As shown in Table 4, approximately 80% of the data 
for each PBLS fell within the 90% predicted intervals, indicat-
ing good accuracy. The highest accuracy was observed for 

NK cells (85.1%), while the lowest was for CD4+ T cells 
(78.4%). Precision, assessed by the mean absolute error and 
the mean ratio of absolute error, indicated that NK cells had 
the highest deviation, while TBNK had the lowest (mean ratio 
of absolute error 0.67 and 0.38, respectively).

3.4.  More precise reference values of PBLSs predicted by 
the dynamic predictive model

To further improve the performance, dynamic indicators, 
detected concurrently with PBLSs, were included in the 
dynamic predictive model. According to mixed-effect linear 
model analysis, dynamic indicators including CNI drug con-
centration, Scr, BUN, blood uric acid, albumin, Hb, and eGFR 
were utilized for model building. As shown in Table 5, over 
80% of the validation dataset data fell within the 90% pre-
dicted intervals. The mean absolute error and the mean ratio 
of absolute error were significantly reduced for each PBLS in 
the dynamic predictive model compared to the static model 
(p = 0.01 and p < 0.01, respectively, as tested by paired t-test), 
providing more precise reference values for clinical practice.

3.5.  The performance of the static and dynamic predictive 
models on infected RTRs

Both the static and dynamic predictive models were devel-
oped using data from stable RTRs. A separate cohort of 

Table 3. L inear mixed model analysis between general and clinical information and PBLSs.

TBNK (cells/ μL) CD3+T (cells/ μL) CD8+T (cells/ μL) CD4+T (cells/ μL) NK (cells/ μL) B (cells/ μL)

β p value β p value β p value β p value β p value β p value

Age –9.83 <0.001 –8.54 <0.001 –5.79 <0.001 –2.19 0.06 1.62 <0.001 –2.54 <0.001
Male vs Female –1.65 0.98 –37.78 0.43 –41.35 0.11 –0.004 1.00 20.53 0.02 24.23 0.03
DD vs Relative 95.49 0.39 44.88 0.60 62.31 0.19 –19.00 0.68 –8.00 0.66 5.67 0.77
Transplant time 0.27 <0.001 0.18 <0.001 0.05 0.06 0.12 <0.001 0.11 <0.001 –0.0004 0.98
Non–ATG vs ATG 484.94 <0.001 371.17 <0.001 83.45 0.01 289.05 <0.001 78.62 <0.001 49.93 <0.01
Induction therapy * 

Transplant time
–0.41 <0.01 –0.28 <0.01 –0.08 0.11 –0.20 <0.001 –0.10 0.10 –0.09 <0.01

CsA vs FK506 –143.53 0.43 –21.83 0.88 33.10 0.67 –51.84 0.46 –90.82 0.03 –58.72 0.06
Concentration 12.14 0.02 8.02 0.06 1.69 0.47 6.94 0.00 –1.32 0.31 3.89 <0.001
CNI * Concentration –11.26 0.04 –7.46 0.08 –1.73 0.47 –6.40 0.00 1.48 0.27 –3.72 <0.001
Etiology
 U nknown vs Other 154.20 0.53 165.34 0.39 142.44 0.18 17.95 0.86 37.47 0.42 –36.02 0.42

Glomerulonephritis 
vs Other

186.90 0.48 165.18 0.43 143.63 0.21 –7.57 0.95 50.01 0.31 –6.44 0.90

Diabetic nephropathy 
vs Other

–374.64 0.37 –390.99 0.24 –124.11 0.49 –245.71 0.17 154.53 0.01 –87.53 0.32

Type of dialysis
Hemodialysis vs 

Without dialysis
–107.95 0.35 –117.05 0.20 –61.71 0.22 –12.60 0.80 13.04 0.41 25.80 0.23

Peritoneal dialysis vs 
Without dialysis

–1.95 0.99 –55.68 0.57 –38.05 0.48 19.35 0.72 27.17 0.11 28.64 0.21

Dialysis duration –0.12 <0.01 –0.07 0.04 –0.03 0.10 –0.04 0.03 –0.02 0.01 –0.03 <0.001
Retransplantation –168.97 0.55 –293.83 0.18 –211.33 0.08 –27.25 0.82 –14.21 0.78 98.40 0.06
Scr –0.71 <0.001 –0.56 <0.001 –0.22 <0.01 –0.31 <0.001 –0.07 0.07 –0.10 <0.01
BUN –2.52 0.25 –4.04 0.02 –2.27 0.02 –1.78 0.04 –1.13 0.03 2.54 <0.001
Blood uric acid 0.53 <0.01 0.49 <0.001 0.30 <0.001 0.17 0.02 0.17 <0.001 –0.07 0.04
Albumin 32.46 <0.001 22.43 <0.001 11.18 <0.001 9.55 <0.001 9.54 <0.001 –0.77 0.24
Hb 4.92 <0.001 4.20 <0.001 2.69 <0.001 1.19 0.00 1.23 <0.001 –0.81 <0.001
eGFR 2.47 <0.001 2.02 <0.001 0.82 0.01 1.04 <0.001 0.04 0.79 0.19 0.13

TBNK is a total of CD3+ T cells, NK cells and B cells.PBLSs, peripheral blood lymphocyte subpopulations; DD, donation after citizen’s death; ATG, antihuman 
thymocyte globulin; CNI, calcineurin inhibitor; Scr, serum creatinine; eGFR, estimated glomerular filtration rate; BUN, blood urea nitrogen; Hb, 
hemoglobin.

https://doi.org/10.1080/0886022X.2025.2493231
https://doi.org/10.1080/0886022X.2025.2493231
https://doi.org/10.1080/0886022X.2025.2493231
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infected RTRs, characterized by significantly lower PBLS 
counts compared to stable RTRs (Supplementary Table 5), 
was recruited for validation. The model performance is pre-
sented in Tables 4 and 5.

In the static predictive model, the results for infected 
RTRs displayed marked skewing. Approximately 70% of the 
predictions fell within the 90% predicted interval, signifi-
cantly lower than the proportion for stable RTRs (p < 0.01). 
The mean percentile of the infected cohort was around the 
30th percentile (p < 0.001), and the mean error was signifi-
cantly reduced (p = 0.02), reflecting the lower PBLS counts in 
this group. Despite the lower PBLS counts, the mean abso-
lute error did not show a significant difference (p = 0.22); 
however, the mean ratio of absolute error was significantly 
higher for infected RTRs compared to stable RTRs (p < 0.01).

Given the strong discriminatory power of the static 
model to identify infection, it was further applied to 

distinguish between sepsis and non-sepsis cases (Table 6). 
Among 98 infection cases, 14 were diagnosed with sepsis. 
There was no significant difference in the infection sites 
between the two groups. The mean percentile was used to 
assess the model’s ability to differentiate between the 
groups. The sepsis subgroup had significant lower percen-
tiles across all parameters. Therefore, infection patients with 
lower percentiles in the static predictive model indicated 
severer infection.

The dynamic predictive model incorporated dynamic indi-
cators, some of which exhibited infection-specific characteris-
tics (Table 2). After adjusting for these dynamic indicators, 
the model demonstrated comparable performance in pre-
dicting PBLSs for infected RTRs, with an accuracy of approxi-
mately 80%, not significantly different from that of stable 
RTRs (p = 0.14). Although the mean percentile of the infected 
group was lower (p = 0.02), the mean ratio of absolute error 

Figure 3.  The predicted 90% confidence interval of PBLSs over transplant time and the inflection points identified by the static predictive model. The 
results were stratified by the induction therapy (ATG or non–ATG) and the average model output was calculated with other static indicators. (a). The pre-
dicted cell number of TBNK. (b). The predicted cell number of CD3+ T cells. (c). The predicted cell number of CD4+ T cells. (d). The predicted cell number 
of CD8+ T cells. (e). The predicted cell number of NK cells. (f ). The predicted cell number of B cells. The intersection of the dashed and solid lines marks 
the inflection points of the curves, where the slope stabilizes markedly. The definition of inflection points is detailed in the methods section, with their 
time point indicated in the lower right corner of the figure. In all graphs, the red features represent the group that received ATG. PBLSs, peripheral blood 
lymphocyte subpopulations. TBNK, a total of CD3+ T cells, B cells, and NK cells. RT, renal transplantation. ATG, anti–thymocyte globulin. NK, natural killer.

https://doi.org/10.1080/0886022X.2025.2493231
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was significantly lower than in the static model (p < 0.001), 
indicating a more precise prediction for infected RTRs with 
the dynamic model. However, predictions for B cells were 
less accurate, with the highest mean ratio of absolute error 
at 0.61, suggesting that B cells were less influenced by the 
dynamic indicators during infection.

In summary, the static predictive model could aid in dis-
tinguishing infected RTRs from stable RTRs, while the dynamic 

predictive model remained applicable for predicting PBLSs in 
infected RTRs.

4.  Discussion

In this study, machine learning models were developed using 
a large dataset to accurately predict reference values for 
PBLSs in stable RTRs at any time point after transplantation. 
Both static and dynamic indicators impacting PBLS reconsti-
tution were identified and incorporated into the models. The 
static predictive model provided insights into PBLS reconsti-
tution under typical conditions and revealed patterns of 
immune recovery, while also aiding in distinguishing infected 
RTRs from stable ones. The dynamic predictive model further 
enhanced predictive performance, particularly in terms of 
precision. These predictive models were available for free at 
http://pbls.kqxu.com/.

Tailoring immunosuppressive regimens based on individ-
ual immune status is a promising strategy. PBLSs, as key 
components of the immune system, are primary targets for 
immune monitoring. Numerous studies have established cor-
relations between PBLSs and post-transplant complications 
[1,2,17]. Persistent CD4+ T cell lymphopenia, defined as CD4+ 
T cell counts < 300 cells/µl one year post-transplant, has 
been associated with higher rates of opportunistic infections, 
cancers, and mortality [7,18]. Kinetic monitoring of PBLSs 
post-transplant showed that a CD8+ T cell count < 100 cells/
µl at one month in the non-ATG group, and a CD4+ T cell 
count < 50 cells/µl at one month in the ATG group, had 
strong negative predictive values for opportunistic infections 
[8]. Our team also reported a significant reduction in PBLS 
counts, rather than percentages, in RTRs with pneumonia, 

Table 4.  The evaluation of the static predictive model.

Groups Evaluation indicators

Cell populations

TBNK CD3+ T cells CD4+ T cells CD8+ T cells NK cells B cells

Stable group Results within 90% predicted interval (%) 83.1 83.1 78.4 84.5 85.1 82.4
Mean percentile in predicted interval (%) 49.5 47.3 48.6 46.1 49.4 54.0
Mean error (cells/μL) –89.1 –117.5 –33.6 –41.8 4.0 14.2
Mean absolute error (cells/μL) 518.2 395.5 245.2 184.3 121.3 100.6
Mean ratio of absolute error 0.38 0.42 0.48 0.46 0.67 0.50

Infected group Results within 90% predicted interval (%) 68.3 67.1 67.1 75.6 79.3 70.7
Mean percentile in predicted interval (%) 29.9 30.9 31.3 31.5 38.7 33.5
Mean error (cells/μL) –458.7 –338.7 –160.6 –165.7 –66.9 –38.7
Mean absolute error (cells/μL) 602.5 462.3 236.3 241.4 119.3 68.4
Mean ratio of absolute error 0.57 0.58 0.61 0.68 0.76 0.77

TBNK is a total of CD3+ T cells, NK cells and B cells.

Table 5.  The evaluation of the dynamic predictive model.

Groups Evaluation indicators

Cell populations

TBNK CD3+ T cells CD4+ T cells CD8+ T cells NK cells B cells

Stable group Results within 90% predicted interval (%) 81.7 82.0 84.3 83.7 82.0 82.0
Mean percentile in predicted interval (%) 51.1 50.9 49.7 52.0 51.4 49.3
Mean error (cells/μL) 90.9 67.5 21.5 53.2 31.6 21.3
Mean absolute error (cells/μL) 424.0 318.5 172.1 161.8 86.6 69.4
Mean ratio of absolute error 0.31 0.33 0.35 0.36 0.47 0.42

Infected group Results within 90% predicted interval (%) 79.6 81.6 74.5 83.7 81.6 78.6
Mean percentile in predicted interval (%) 42.9 43.7 43.4 49.3 51.7 35.4
Mean error (cells/μL) –216.4 –160.3 –98.3 –58.4 13.9 –26.0
Mean absolute error (cells/μL) 389.0 312.8 171.1 150.2 77.4 54.1
Mean ratio of absolute error 0.37 0.39 0.45 0.41 0.50 0.61

TBNK is a total of CD3+ T cells, NK cells and B cells.

Table 6.  The evaluation of the static predictive model in distinguishing 
sepsis and non-sepsis patients.

Sepsis (n = 14)
Non-sepsis 

(n = 84) p value

Site 0.2369
  Peumonia, n (%) 9 (64.29%) 49 (58.33%)
 U rinary infection, n (%) 2 (14.29%) 27 (32.14%)
  Other infection, n (%) 3 (21.43%) 8 (9.52%)
Pathogen 0.0005
  Bacteria, n (%) 5 (35.71%) 19 (22.62%)
  Virus, n (%) 3 (21.43%) 8 (9.52%)
  Fungi, n (%) 5 (35.71%) 6 (7.14%)
 U nidentified, n (%) 1 (7.14%) 51 (60.71%)
PBLS distribution
  TBNK, cells/μL 576.10 ± 376.10 1139.00 ± 498.80 0.0001
  CD3+ T cells, cells/μL 457.10 ± 308.30 856.80 ± 405.30 0.0004
  CD4+ T cells, cells/μL 211.00 ± 156.50 411.50 ± 239.10 0.0014
  CD8+ T cells, cells/μL 212.30 ± 153.50 397.20 ± 197.40 0.0004
 N K cells, cells/μL 59.52 ± 31.49 171.80 ± 129.30 0.0003
  B cells, cells/μL 46.58 ± 51.47 96.44 ± 61.57 0.0006
Percentile in predicted 

interval (%)
  TBNK 11.79 ± 9.53 35.60 ± 26.77 0.0014
  CD3+ T cells 14.63 ± 13.37 35.95 ± 27.73 0.0060
  CD4+ T cells 16.07 ± 18.93 35.12 ± 28.50 0.0179
  CD8+ T cells 16.79 ± 18.36 36.90 ± 28.54 0.0125
 N K cells 12.14 ± 8.71 43.57 ± 29.61 0.0002
  B cells 18.93 ± 27.05 37.80 ± 27.77 0.0202

TBNK is a total of CD3+ T cells, NK cells and B cells. PBLSs, peripheral 
blood lymphocyte subpopulations.

http://pbls.kqxu.com/
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and developed machine learning models to identify pneu-
monia patients based on CD8+ T cells, NK cells, and overall 
TBNK cell counts [6].

Despite the importance of PBLS monitoring, no studies 
have used PBLSs to guide immunosuppressive drug adjust-
ments. In a randomized controlled trial (RCT), immunosup-
pression modification was based on an immune response 
assay for liver transplant recipients [19]. The result of the 
ImmuKnow assay, which detected cell–mediated immunity 
by measuring the concentration of adenosine triphosphate 
(ATP) from CD4+ T cells after stimulation, determined the 
adjustment of tacrolimus dose in the interventional group. 
The 1–year patient survival was significantly higher and the 
incidence of bacterial and fungal infections was lower in the 
interventional group. In addition, the tacrolimus dosage was 
also lower in the interventional group [19]. Although similar 
assays have been used to predict infection or rejection in 
kidney transplantation, no interventional RCTs have been 
reported [20–22]. The torque teno virus (TTV), an apatho-
genic virus reflecting immune function, is a promising marker 
for guiding immunosuppressive adjustments, with a multi-
center interventional phase II RCT currently underway [23].

A significant limitation of PBLS monitoring is the lack of 
standardized reference values post-transplant. Without accu-
rate reference values, modifying immunosuppressive therapy 
based on PBLSs is challenging. The predictive models devel-
oped in this study offer highly personalized PBLS reference 
values. One critical application of these models is to flag 
potential over-immunosuppression during follow-up. When 
PBLS values fall significantly below predicted levels, it may 
serve as an indicator for adjusting immunosuppressive 
therapy.

The study also investigated patterns of immune reconsti-
tution, with transplant time and induction therapy identified 
as the most influential factors. Induction therapy significantly 
reduced all PBLS subsets at transplant, with most subsets, 
except B cells, rapidly increasing and reaching a plateau 
within three months in stable RTRs. ATG had the most pro-
found and prolonged effect on CD4+ T cells, consistent with 
previous studies [9,24]. PBLS recovery was faster and cell 
counts were higher in this study compared to previous 
reports, likely due to lower ATG doses and maintenance lev-
els of CNIs [8,9,12]. B cells, however, exhibited a distinct pat-
tern, peaking sharply around two weeks post-transplant and 
gradually declining to a plateau at approximately four 
months. Low-dose ATG has been reported to enhance B cell 
proliferation while inhibiting differentiation in vitro [25]. The 
use of basiliximab as induction therapy similarly increased 
peripheral B cells within one month post-transplant, with 
recovery at three months, mirroring the trends observed in 
our results [26]. The consistent reconstitution pattern of B 
cells across all static model stratifications suggests it may be 
induced by the transplant itself, warranting further investiga-
tion into the mechanisms and changes in B cell 
subpopulations.

This study has limitations. All patients were recruited from 
a single transplant center, and validation using external data 
from other centers is anticipated. Additionally, the majority of 

patients received grafts from deceased donors and were 
maintained on tacrolimus, which may limit the model’s accu-
racy for RTRs receiving grafts from living relatives or main-
tained on CsA. Due to the limited number of cases, alternative 
immunosuppressive regimens, such as MMF withdrawal, were 
not included in the model, although these regimens may sig-
nificantly affect immune reconstitution. In addition, induction 
therapy dosing, particularly for ATG, may vary across centers. 
As ATG strongly reduces lymphocyte counts, suboptimal dos-
ing could influence the model’s performance in different 
patient populations.
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