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Introduction: Acute cellular rejection (ACR) is a T cell-driven event in liver

transplantation. Current monitoring relies on detecting graft injury, lacking tools

for pre-emptive risk assessment based on the patient’s real-time immune status.

Methods: We developed an immunopharmacologic risk model in a retrospective

cohort of 98 liver transplant recipients (18 with biopsy-proven ACR). The model

integrated peripheral CD4+ T-cell percentage (flow cytometry) and tacrolimus

trough level. Firth-penalized logistic regression was used for model development,

with internal validation via bootstrapping.

Results: The parsimonious model, comprising only CD4+ T-cell percentage and

tacrolimus level, demonstrated good discrimination (AUC 0.774, 95% CI 0.674-

0.874) and calibration. Critically, lead-time analysis revealed the model provided a

median warning window of 8 days (IQR: 3.5 days) prior to biochemical injury

onset. It offered significant incremental value over monitoring tacrolimus alone

(AUC 0.774 vs. 0.694, DAUC=0.080, p=0.007) or CD4+ T cells alone (AUC 0.774

vs. 0.733, DAUC=0.041, p=0.014).
Conclusion: We identify and validate a novel, clinically actionable

immunopharmacologic biomarker panel for ACR. This model enables pre-

emptive risk stratification by capturing the high-risk confluence of immune

activation and subtherapeutic immunosuppression, paving the way for

personalized immunotherapy in transplant recipients.

KEYWORDS
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Introduction

Liver transplantation has evolved into a life-saving therapy for

end-stage liver disease, yet acute cellular rejection (ACR) remains

an important clinical event that complicates post-transplant

management and contributes to healthcare costs, occurring in up

to 40% of recipients (1, 2). The pathogenesis of ACR represents a

classic drug-disease interaction, orchestrated by a CD4+ T cell-

centric inflammatory cascade (3, 4). Central to this process is the

pharmacologic action of calcineurin inhibitors (CNIs) like

tacrolimus. Subtherapeutic CNI levels fail to suppress nuclear

factor of activated T cells (NFAT)-dependent IL-2 transcription,

permitting alloreactive T cell activation (Phase 1) (5, 6). This

triggers clonal expansion of T cells, which infiltrate the graft and

target biliary epithelium and vascular endothelium (Phase 2) (7, 8),

ultimately leading to biochemical and histological damage

detectable by conventional methods (Phase 3) (9, 10). While this

schema focuses on T cell–mediated rejection, antibody-mediated

rejection can coexist and accelerate graft injury (11).

Current diagnostic approaches, including the Liver Graft

Assessment Following Transplantation (L-GrAFT) score (12) and

Model for Early Allograft Function Scoring (13), predominantly

identify rejection only at Phase 3, when hepatocyte injury is already

established. This diagnostic delay underscores a critical

pharmacological gap in patient management. First, the reliance

on late-phase biochemical markers means rejection is detected only

after substantial inflammatory injury has occurred. Second, models

fail to account for the fundamental drug-immune interaction,

where the inflammatory state (e.g., CD4+ T cell activity) critically

modulates the therapeutic efficacy of tacrolimus, as evidenced by

the significant association between subtherapeutic tacrolimus levels

and acute rejection (14). Third, while some models incorporate

innate immunity markers or donor-specific antibodies, they neglect

the core effector T cell populations that directly mediate the

inflammatory response (15).

To bridge this pharmacological gap, we developed a streamlined

immunopharmacologic model combining CD4+ T-cell percentage—

an accessible marker of immune activation—with tacrolimus exposure.

Rooted in the concept of conditional pharmacology, this approach

seeks to identify high-risk patients exhibiting simultaneous immune

activation and insufficient drug exposure. We propose that this strategy

can open an early interventional window prior to the onset of

irreversible inflammatory graft damage.
Materials and methods

Study design and population

This study aimed to develop a clinical decision-point risk

stratification model for early graft dysfunction evaluation rather

than an asymptomatic screening tool. This hypothesis-generating

exploratory analysis was a single-center retrospective cohort study

conducted at Beijing Chaoyang Hospital (August 2021-June 2024).

For rejection cases, baseline measurements were intentionally
Frontiers in Immunology 02
defined at the first clinical suspicion of graft dysfunction to

evaluate whether the model could provide superior acute rejection

risk quantification using routinely available tests at this earliest

point of clinical concern. The study aimed to identify potential

immune signatures rather than test predefined hypotheses, thus no

formal sample size calculation was performed a priori. The study

protocol (IRB No. 2024-s-725) was approved by the Beijing

Chaoyang Hospital Ethics Committee. Written informed consent

was obtained for all peripheral-blood sampling; a waiver of consent

was granted for retrospective collection of anonymized clinical data.

All transplant procedures utilized organs from deceased Chinese

citizens following post-mortem organ donation. The organ

procurement and allocation strictly adhered to the ethical

guidelines and laws of the People’s Republic of China.

The study population comprised liver transplant recipients

managed at Beijing Chaoyang Hospital’s outpatient clinic. All

patients were categorized into: (1) stable controls with stable liver

function, and (2) rejection cases hospitalized for suspected acute

rejection, confirmed by subsequent liver biopsy and reviewed by

two independent hepatopathologists (Banff 2019 criteria) (16). The

primary endpoint of this study was biopsy-proven ACR.

To emulate a prospective prediction scenario within our

retrospective design, we employed a landmark analysis approach.

For all patients, the ‘baseline’measurements used in the model were

defined as those obtained during routine clinical monitoring prior

to any clinical suspicion of rejection. This ensures that the model

predictions are based on information that would have been

available to clinicians at the time of routine follow-up, thus

validating its pre-emptive potential.

Exclusion criteria were systematically applied to eliminate

confounding factors: (1) incomplete clinical or immunological data;

(2) pre-existing immune-related conditions including autoimmune

hepatitis, HIV infection, or hematologic malignancies; (3) ABO

incompatible transplants; (4) re-transplantation or combined organ

transplantation; (5) age < 18 years at the time of transplantation; (6)

follow-up period < 6 months.

Treatment protocol

All patients received intraoperative induction therapy with

basiliximab (20 mg on day 0 and day 4 post-transplantation), as

per our institutional standard protocol. The immunosuppressive

regimen consisted of: (1) tacrolimus with initial target trough levels

of 5-8 ng/mL, adjusted based on clinical response; (2)

mycophenolate mofetil at 500 mg twice daily, with dose reduction

to 250 mg twice daily for white blood cell counts 2.0-3.0×10^9/L

and complete discontinuation for counts < 2.0×10^9/L; and (3)

prednisone discontinued at 3 months post-transplant per

institutional practice in patients with benign liver diseases, while

switched to sirolimus at 1 month in those with kidney injury or with

malignant indications (17–19).

For acute rejection episodes, tacrolimus dose adjustments

followed a standardized protocol (20, 21): (1) primary escalation

to target 8-11 ng/mL for rejection; (2) secondary augmentation with

a round of steroids: intravenous methylprednisolone 500 mg on day

1, 240 mg on day 2, then daily reduction of 40 mg until 20 mg/day is
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reached, followed by oral prednisolone 20 mg/day for

approximately one month if AST/ALT failed to decline > 50%

within 72 hours or if neurotoxicity (tremor ≥ grade 2) occurred.

Steroid-resistant cases (defined as < 50% improvement in liver

biochemistry within 5 days) received rabbit anti-thymocyte globulin

(Thymoglobulin, Genzyme) at 1.5 mg/kg/day for 5 days, preceded

by rigorous screening for active infections.

Flow cytometry analysis

Peripheral blood mononuclear cells (PBMCs) were analyzed

following our established protocol (22, 23). The sequential gating

strategy for lymphocyte subset identification is illustrated in

Supplementary Figure 1. Briefly, PBMCs processed within 2 hours of

collection to ensure > 95% viability (Trypan blue exclusion) were

isolated from EDTA blood by Ficoll density centrifugation and stained

with the following fluorochrome-conjugated antibodies from BD

Biosciences: CD3-FITC (clone UCHT1, Cat. 555332), CD4-PerCP-

Cy5.5 (clone SK3, Cat. 566923), CD8-PerCP-Cy5.5 (clone RPA-T8,

Cat. 560662), CD19-PE (clone HIB19, Cat. 555413), CD56-PE (clone

B159, Cat. 555516), CD16-APC (clone B73.1, Cat. 561304), CD11c-

APC (clone B-ly6, Cat. 559877), CD123-PerCP-Cy5.5 (clone 7G3, Cat.

560904). Samples were acquired on a NovoCyte D2060R flow

cytometer with a minimum of 10,000 viable lymphocytes per tube.

Technical duplicates were run for 20% randomly selected samples to

ensure reproducibility. Daily calibration was performed with CS&T

beads, and compensation was verified using single-stained controls.

Data were processed with NovoExpress software using standardized

gating strategies.

Definition of time points for model
variables

Baseline tacrolimus levels and lymphocyte subset percentages

were defined differently for the two study groups. In the non-

rejection group, these values represent levels measured during

routine outpatient monitoring, immediately prior to drug

administration. In the rejection group, baseline referred to

measurements obtained at the earliest indication of graft

dysfunction, preceding the diagnostic liver biopsy. This included

either the visit when liver function tests first demonstrated

unexplained elevation, or the most recent routine monitoring visit

before hospitalization for suspected rejection. Patients with biopsy-

proven acute rejection underwent additional measurement

approximately 2 weeks after the initiation of anti-rejection therapy.

Statistical analysis

All statistical analyses were conducted using R software (version

4.3.1; R Foundation for Statistical Computing) with the following

packages and methodologies: Normality of continuous variables

was assessed using Shapiro-Wilk tests with visual confirmation by

Q-Q plots. Between-group comparisons employed Student’s t-tests

for normally distributed data or Mann-Whitney U tests for non-

parametric distributions, while longitudinal analyses used paired t-

tests or Wilcoxon signed-rank tests as appropriate. Multiple testing

correction was performed using the Benjamini-Hochberg false
Frontiers in Immunology 03
discovery rate (FDR) method with a=0.05 . Pr imary

immunological endpoints were FDR-adjusted (q<0.05); all other

comparisons are reported as nominal P values.

High-dimensional flow cytometry data were visualized using

Uniform Manifold Approximation and Projection (UMAP; uwot

package, version 0.1.16) with default parameters (n_neighbors=15,

min_dist=0.1, metric=“euclidean”). Dynamic time warping (DTW)

analysis was implemented through the dtw package (version 1.23-1)

to quantify temporal patterns in lymphocyte subset changes, using

the symmetric2 step pattern with open-end alignment. Euclidean

metric was selected for DTW to preserve absolute magnitude

differences in lymphocyte counts, as opposed to cosine similarity

which would emphasize relative patterns. DTW was chosen over

linear mixed models to capture non-linear temporal patterns in

immunosuppression response. Distributional differences between

groups were evaluated using Wasserstein distance metrics

computed via the transport package (version 0.13-0). The

Wasserstein distance quantifies the minimum work required to

transform one probability distribution into another.

Given the small sample size and rare outcome (18 events among

98 patients), Firth-penalized logistic regression was employed to

reduce small-sample bias and obtain more reliable estimates.

Internal validation via 1000 bootstrap iterations provided

optimism-corrected performance metrics. Multicollinearity among

candidate predictors was assessed using variance inflation factors

(VIFs) computed from linear models. VIF values < 5.0 were

considered acceptable, indicating no substantial multicollinearity.

CD3+ parameters were excluded from multivariate models due to

collinearity with CD4+/CD8+ subsets (VIFs >5), as confirmed by

the car package (version 3.1-2).

Model performance was assessed via the area under a receiver

operating characteristic (AUC-ROC) analysis (pROC package,

version 1.18.0), calibration curves, and decision curve analysis

(rmda package, version 1.6), with 1,000 bootstrap iterations for

internal validation. Sensitivity analyses with 20-fold multiple

imputation confirmed robustness (DAUC <0.01). Lead-time

analysis was performed to quantify the early warning capability of

the model. For each patient who developed rejection and was

identified as high-risk by the model, lead time was calculated as

the interval between the date of model positivity (based on the

Youden-optimized probability threshold) and the date of first

biochemical evidence of graft injury (defined as ALT/AST > 2×

upper limit of normal). The study is powered to detect Pearson

correlations ≥ 0.30 (two-sided a = 0.05, power = 0.80) as calculated

with the ‘pwr’ package; weaker associations may have been missed.
Results

Demographic and clinical characteristics

The baseline demographic and clinical characteristics of the

study cohort are summarized in Table 1. Among the 98 liver

transplant recipients, 18 developed biopsy-proven ACR (AR

group) and 80 maintained stable graft function (Non-AR group).

The median time to acute rejection was 5 months (range, 1-11
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months). No statistically significant differences were observed in

age, gender distribution, liver disease, MELD score, or key operative

parameters including operating time, warm ischemia time, cold

storage time, anhepatic phase duration, operative bleeding, and

transfusion requirements between the two groups (all P > 0.05).

Similarly, the distribution of immunosuppressive regimens or

complications did not differ significantly between groups. This

comparability strengthens the subsequent analysis by minimizing

the confounding effects of these baseline variables.

However, patients in AR group demonstrated significantly

lower pre-treatment tacrolimus trough levels (5.15 ng/mL [3.85-

6.30]) compared to non-rejection controls (6.60 ng/mL [4.90-7.80],

p=0.0086). Following rejection therapy, tacrolimus levels increased

to 8.25 ng/mL [7.15-9.35] (pre- vs post-treatment p<0.001). The

rejection cohort showed higher peak ALT (498 U/L [145-820]) and

bilirubin (3.4 mg/dL [2.1-5.0]) at diagnosis compared to stable

controls (ALT < 60 U/L, bilirubin < 1.5 mg/dL). Post-treatment

infection rates included cytomegalovirus viremia (11.1%), bacterial

(22.2%), and fungal infections (16.7%).

Lymphocyte subset profiles in stable liver
transplant recipients

Comparative analysis revealed significant temporal changes in

T cell subsets during post-transplant follow-up (FDR-adjusted q <

0.05, Supplementary Table 1; Figure 1): CD3+T% increased from

44.7 ± 24.5% at ≤ 1 month to 66.7 ± 14.4% at > 6 months (p < 0.001,

q = 0.029), while CD4+T% showed early elevation from 18.3 ±

13.4% to 34.8 ± 11.9% at 2-3 months (p < 0.001, q = 0.029).

Absolute counts demonstrated parallel increases, with CD3+T cells

rising from 388 ± 278 to 951 ± 510 cells/mL (p < 0.001, q = 0.029),
Frontiers in Immunology 04
CD4+T cells from 170 ± 171 to 404 ± 213 cells/mL (p < 0.001, q =

0.034), and CD8+T cells exhibiting delayed recovery from 220 ± 158

to 549 ± 344 cells/mL (p < 0.001, q = 0.034). No significant

differences were observed in any lymphocyte subsets when

stratified by sex (male vs female, all q > 0.73), age groups (≥ 60 vs

< 60 years, all q > 0.91), or primary disease (malignant vs benign, all

q > 0.62) (Supplementary Figures 2-4).

UMAP analysis identified strong correlation between UMAP1

coordinates and CD4+T cell parameters (CD4+T%: r = 0.49, p <

0.001; CD4+T count: r = 0.58, p < 0.001). UMAP2 primarily

reflected CD8+T cell distribution (CD8+T%: r = 0.69, p < 0.001).

Early post-transplant patients (≤ 1 month) clustered distinctly in

UMAP space (Wasserstein distance=3.21, Supplementary Figure 5).

The immune landscape remains relatively homogeneous across sex,

age, and primary liver disease in stable transplant recipients

(Supplementary Figure 6).

These findings suggest distinct temporal reconstitution patterns

for major T cell populations, while other lymphocyte subsets

remained stable across demographic and etiological subgroups.

Dynamic changes in lymphocyte subsets
before and after anti-rejection therapy

To evaluate the immunological alterations following anti-

rejection treatment in liver transplant recipients, we compared

peripheral blood lymphocyte subsets (both percentages and

absolute counts) in 18 patients before and after therapy. CD3+T

cells decreased from 75.67 ± 9.53% to 47.20 ± 16.05% (p < 0.001, q <

0.001); CD4+T cells declined from 38.82 ± 11.97% to 20.96 ±

10.18% (p < 0.001, q < 0.001). CD8+T cells showed moderate

reduction (36.65 ± 8.00% vs. 26.36 ± 9.27%, p < 0.001, q < 0.001).
TABLE 1 Comparison of characteristics between patients with and without acute rejection.

Variable AR (n=18) Non-AR (n=80) P_Value

Gender (male) 16 62 0.3507

Disease(malignant) 8 17 0.069

Age 53.5 ± 8.78 50.19 ± 10.86 0.2304

MELD 14.38 (8.07-27.54) 14.62 (9.01-21.65) 0.8508

Operating time(min) 465 (392.5-537.5) 485 (420-562.5) 0.2125

Warm ischemia time(min) 1.5 (1-3) 2 (1-3) 0.1641

Cold storage time(min) 450 (375-480) 480 (417.5-480) 0.3371

Anhepatic phase(min) 65 (55-70) 70 (55-80) 0.3643

Operative bleeding(ml) 700 (400-800) 800 (500-1500) 0.1347

Transfusion(ml) 800 (800-1100) 1200 (550-2000) 0.3148

Complications

Biliary Complications 1 7 1

Hemorrhage 3 9 0.6899

Infection 3 18 0.7556

Immunesuppression 0.2683

Tacrolimus+Sirolimus 6 16

Tacrolimus 9 56

Tacrolimus+MMF 3 8
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No significant changes occurred in CD19+B cells, NK cells, NKT

cells, or dendritic cell subsets (all q > 0.05) (Figures 2A, B;

Supplementary Table 2).

More dramatic depletion was observed in absolute counts. CD3+T

cells plummeted from 861 ± 372 to 320 ± 227 cells/mL (p < 0.001, q <

0.001). CD4+T cells dropped from 441 ± 228 to 143 ± 116 cells/mL (p <
0.001, q < 0.001). CD8+T cells decreased from 420 ± 186 to 178 ± 122

cells/mL (p < 0.001, q < 0.001). NKT cells showed marginal reduction

(20.7 ± 21.4 vs. 10.3 ± 9.9 cells/mL, p = 0.021, q = 0.045). CD19+B cells

and NK cells demonstrated non-significant downward trends, while

dendritic cells remained stable (all q > 0.05) (Figures 2C, D;

Supplementary Table 2). This synchronous T-cell depletion likely

reflects glucocorticoid receptor-mediated apoptosis (24), while

preserved innate immunity suggests calcineurin inhibitor-specific

effects on nuclear factor of activated T-cells signaling (25).

The data reveal selective depletion of T lymphocyte subsets,

particularly CD4+T and CD8+T populations, with relative

preservation of innate immune cells after anti-rejection therapy.

The magnitude of reduction was more pronounced in absolute

counts than percentages, suggesting both proportional

redistribution and genuine cell loss.

Longitudinal immune dynamics after anti-
rejection therapy

Anti-rejection therapy triggered coordinated declines in both

the percentage and absolute counts of major T cell compartments

(Figure 3; Supplementary Table 3). Specifically, CD3+T cell
Frontiers in Immunology 05
percentage dropped by a median of 25.7% (q < 0.001), while CD3

+T, CD4+T and CD8+T absolute counts declined by 543, 284 and

284 cells/mL, respectively (all q < 0.001). A parallel fall in CD4+T

cell percentage (median −17.2%, q < 0.001) and CD8+T cell

percentage (median −9.4%, q = 0.028) was observed. Among non-

T subsets, only myeloid dendritic cells (mDC) and NKT cells

exhibited modest absolute reductions (median −0.9 cells/mL and

−10.4 cells/mL; p = 0.023 and 0.021, respectively), although these did

not withstand FDR correction. CD19+B cell and NK cell parameters

remained stable (q > 0.05). Spearman correlation analysis of the

significant change scores (D) demonstrated an inverse relationship

between DCD4+T cell percentage and DCD8+T cell percentage (r =

−0.43, p = 0.046) and a positive correlation between DCD4+T cell

percentage and DCD4+T cell absolute change (r = 0.59, p = 0.012),

indicating coupled CD4 dynamics during immune recovery

(Supplementary Figures 7, 8).

Then, to quantify the temporal coherence of these changes, DTW

analysis revealed pre- and post-treatment time-series of all 16

lymphocyte parameters. DTW distance ranking highlighted CD3+T

cell absolute count, CD4+T cell absolute count, and CD8+T cell

absolute count as the three most consistently reshaped subsets (mean

DTW distances 28.5, 17.9 and 10.3, respectively), whereas CD19+B-

cell, NK, pDC and NKT compartments showed low distances,

underscoring minimal or inconsistent responses (Supplementary

Figure 9; Supplementary Table 4). Heat-map visualization

confirmed a uniform red-to-blue shift (decrease) across the T-cell

zone, while non-T subsets remained color-neutral (Supplementary

Figure 10). Trajectory plots further revealed tight convergence of
FIGURE 1

Temporal immune reconstitution in stable liver transplant recipients. (A, B) Percentages and (C, D) absolute counts of major lymphocyte subsets
across four post-transplant intervals. Data are presented as box plots showing median (central line), interquartile range (box), and 10th-90th
percentiles (whiskers). Individual data points are overlaid. Statistical comparisons were performed using Kruskal-Wallis test (A, C) with Benjamini-
Hochberg false discovery rate (FDR) correction (B, D) for multiple comparisons. Time points: ≤1 month (n=18), 2-3 months (n=20), 4-6 months
(n=20), >6 months (n=22) post-transplant.
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individual patient lines toward lower T cell values (Supplementary

Figure 11), contrasting with the widely scattered paths of B and NK

cells (Supplementary Figure 12).

Taken together, DTW analysis corroborates the selective and

synchronous suppression of T-cell subsets as the hallmark of

effective anti-rejection therapy.

Distinct lymphocyte profiles in liver
transplant recipients with and without
acute rejection

Comparative analysis revealed significant differences in

lymphocyte subsets between non-rejection (n=80) and pre-

treatment acute rejection (n=18) groups (Figure 4; Supplementary

Table 5). CD3+T cell and CD4+ T cell percentages were markedly

higher in rejection patients (CD3+T: 78.5% [69.3-82.3] vs 65.5%

[54.5-77.0], q = 0.030; CD4+T:38.8 ± 12.0% vs 28.5 ± 13.4%, q =

0.030). The volcano plot highlighted CD3+% and CD4+% as the

most differentially distributed subsets (effect sizes >1.2,

Supplementary Figure 13A), confirmed by boxplot visualization

(Supplementary Figure 13B). No significant differences were

observed in CD8+T cells, NK/NKT cells, or DC subsets (all q >

0.05). Clinical parameters (age, sex, follow-up duration) and

primary liver disease distribution were comparable between

groups (Supplementary Figure 14).

This integrated analysis demonstrates that acute rejection is

associated with specific alterations in T cell homeostasis, while

innate immunity remains preserved. The combination of traditional
Frontiers in Immunology 06
statistics with distribution-based metrics (Wasserstein distance)

provides robust characterization of rejection-associated

immune signatures.

Immunopharmacologic signature for acute
rejection prediction

Guided by univariate analysis identifying tacrolimus levels (OR

0.739, 95% CI 0.555-0.935, p=0.009) and CD4+ T cell percentage

(OR 1.060, 95% CI 1.020-1.110, p=0.004) as significant correlates of

acute rejection, we constructed a parsimonious prediction model.

Comprehensive evaluation of other lymphocyte subsets revealed no

additional independent predictive value beyond the core CD4+ T

cell-tacrolimus axis. In 98 recipients (18 rejection, 80 non-

rejection), the final Firth-penalized logistic model retained only

baseline tacrolimus (OR per ng/mL 0.732, 95% CI 0.537-0.947,

p=0.015) and baseline CD4+ T cell percentage (OR per % 1.072,

95% CI 1.020-1.137, p=0.005) as independent predictors

(Supplementary Figure 15). Collinearity diagnostics confirmed

statistical independence between the predictors, with variance

inflation factors of 1.04 for both tacrolimus level and CD4+ T-cell

percentage, and a weak negative correlation (r = -0.205, P = 0.415).

The model demonstrated good discrimination with an AUC of

0.774 (95% CI 0.674-0.874; Figure 5), sensitivity 66.7%, specificity

83.8%, and a Brier score of 0.123. Bootstrap internal validation (R =

1,000) confirmed model stability with a median optimism-corrected

AUC of 0.785 (95% CI 0.685-0.885). The model exhibited excellent

calibration across the risk spectrum (Hosmer-Lemeshow test:
FIGURE 2

Dynamic changes in lymphocyte subsets following anti-rejection therapy. (A, B) Percentages and (C, D) absolute counts of lymphocyte subsets
before (red) and after (blue) anti-rejection treatment in 18 patients with biopsy-proven acute rejection. All data points are fully paired (same patients
pre- and post-treatment). Statistical comparisons were performed using Wilcoxon signed-rank test (A, C) for non-normally distributed data with
Benjamini-Hochberg FDR correction (B, D). The results demonstrate selective depletion of T-cell subsets, particularly CD4+ and CD8+ T cells,
following therapy.
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FIGURE 3

Magnitude of change in lymphocyte subsets after anti-rejection therapy. (A, B) Changes in percentages and (C, D) absolute counts (D = post-
treatment minus pre-treatment) for each lymphocyte subset. Negative values indicate reduction after therapy. Statistical significance was assessed
using one-sample Wilcoxon signed-rank test (A, C) against zero with Benjamini-Hochberg FDR correction (B, D). The data confirm the significant
reduction in T-cell compartments as the primary immunological response to anti-rejection therapy.
FIGURE 4

Differential lymphocyte profiles between non-rejection and acute rejection patients. (A, B) Percentages and (C, D) absolute counts of lymphocyte
subsets in stable transplant recipients (n=80, blue) versus patients with biopsy-proven acute rejection (n=18, red). Statistical comparisons were
performed using Mann-Whitney U test (A, C) for non-normally distributed data with Benjamini-Hochberg FDR correction (B, D). The data show
significantly elevated CD4+ T-cell percentages in rejection patients, while other subsets remain comparable.
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c²=3.166, p=0.924; Supplementary Figure 16), and decision curve

analysis demonstrated net clinical benefit across threshold

probabilities of 10-50% (Supplementary Figure 17).

For clinical implementation, risk stratification using the optimal

probability threshold of 0.178 provided 83.3% sensitivity and 65.0%

specificity. Patients with both high CD4+ T% (≥30.1%) and low

tacrolimus levels (<6.2 ng/mL) had substantially elevated rejection

risk (Fisher’s exact p<0.001), identifying 72.2% (13/18) of rejection

cases while maintaining 85.0% specificity.

Critically, lead-time analysis was performed on patients

identified as high-risk by the model using the Youden’s index-

optimized threshold (probability > 0.178), which corresponded to

15 model-positive patients (83.3% of the rejection cohort),

providing early warning signals a median of 8 days (IQR: 3.5

days; range: 6-14 days) before biochemical evidence of graft

injury emerged (Figure 6). Among these model-positive patients,

all (15/15, 100%) showed positive lead times, confirming consistent

early detection when the model identified rejection risk.

The combined model provided significant incremental value

over individual components (Supplementary Figure 18), with

absolute AUC improvements of 0.080 over tacrolimus monitoring

alone (0.774 vs. 0.694) and 0.041 over CD4+ T cell monitoring

alone (0.774 vs. 0.733). Likelihood ratio tests confirmed these

improvements were statistically significant (p = 0.007 and p =

0.014, respectively).

Collectively, this streamlined two-variable immunopharmacologic

model enables pre-emptive risk stratification for acute liver-transplant

rejection, offering both early detection capability and clinically

meaningful performance improvements over conventional

monitoring approaches.
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Discussion

Our study establishes a practical immunopharmacologic

framework for preemptively predicting ACR by integrating CD4+

T cell profiling with tacrolimus pharmacodynamics. Critically, our

lead-time analysis provides direct evidence of genuine pre-emptive

capability, demonstrating a median 8-day warning window before

biochemical injury emerges. The lead-time analysis demonstrates

the model’s potential to advance the detection timeline from the

point of established biochemical injury to earlier risk identification,

which could enable preventive interventions before significant graft

damage occurs. This model directly addresses the clinical need to

identify rejection risk in the pre-injury phase, filling a gap left by

current approaches that detect dysfunction only at later stages.

Our model is positioned as a clinical decision-support tool for the

early phase of graft dysfunction evaluation, not as a universal screening

instrument. The primary application scenario is risk stratification of

liver transplant recipients presenting with early, mild, or non-specific

liver function abnormalities. A high-risk result (elevated CD4+

percentage combined with subtherapeutic tacrolimus) should

strongly suggest acute rejection, prompting consideration of

tacrolimus dose optimization or early biopsy. Conversely, a low-risk

result supports exploring alternative etiologies (e.g., infection, drug-

induced liver injury), potentially avoiding unnecessary invasive

procedures or excessive immunosuppression. Such risk-based

stratification represents a crucial step toward personalized treatment.

The ‘asymmetric’ timepoint definition in our study reflects this

intended use case: providing risk stratification when patients first

present with concerning but non-diagnostic findings. This pragmatic
FIGURE 6

Lead time analysis of the immunopharmacologic prediction model.
Swimlane plot showing the temporal relationship between model
positivity, biochemical evidence of graft injury, and clinical diagnosis
in patients who developed acute rejection. Each horizontal line
represents one patient (n=15 model-positive patients). The median
lead time between model positivity and biochemical injury was 8
days (IQR: 3.5 days; range: 6-14 days). All model-positive patients
showed positive lead times, demonstrating consistent early
detection capability.
FIGURE 5

Receiver operating characteristic (ROC) curve of the
immunopharmacologic prediction model. The ROC curve illustrates
the diagnostic performance of the final model combining tacrolimus
trough level and CD4+ T-cell percentage for predicting acute
rejection. The area under the curve (AUC) is 0.774 (95% CI: 0.674-
0.874). The dashed diagonal line represents chance performance
(AUC = 0.5). The optimal cut-point identified by Youden’s index
provides 66.7% sensitivity and 83.8% specificity.
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approach addresses a critical gap in current management, where

clinicians lack tools to distinguish immune-mediated rejection from

other causes of early graft dysfunction. Furthermore, comprehensive

model comparisons confirm significant incremental value, with

statistically meaningful AUC improvements over single-parameter

monitoring (11.4% vs. tacrolimus alone, p=0.007; 5.5% vs. CD4+ T

cells alone, p=0.014). This demonstrates that the combination provides

clinically important enhancements beyond conventional monitoring.

When contextualized within the current landscape of rejection

prediction, our model’s performance (AUC 0.774) compares

favorably with other rejection-specific prediction tools. The recent

multicenter model by Chen et al (26) achieved AUCs of 0.713 in

adults and 0.786 in children using clinical and laboratory

parameters, while our immunologically-focused approach

provides comparable discrimination with greater biological

specificity. More importantly, our model offers practical

advantages through its reliance on routinely available flow

cytometry and therapeutic drug monitoring, avoiding the

complexity of genomic profiling required by approaches like the

59-gene classifier (AUC 0.83) described by Levitsky et al (27). It is

important to distinguish our rejection-specific model from broader

early allograft dysfunction (EAD) prediction scores. The well-

validated L-GrAFT7 risk score, which demonstrates excellent

performance in predicting 3-month graft failure (AUROC 0.78-

0.85 across multiple cohorts) (12, 28), serves a different clinical

purpose by assessing overall graft function rather than specifically

identifying immune-mediated rejection.

The distinctive value of our immunopharmacologic signature lies

in its ability to capture the dynamic interplay between

immunosuppression exposure and immune activation as our

findings are strongly supported by the established role of CD4+ T

cells in rejection pathogenesis. The observed elevation in CD4+ T cell

percentages among rejection patients aligns with the recognized

sequence of allorecognition, where CD4+ T cells initiate the rejection

cascade through indirect antigen presentation and subsequent

cytokine-driven amplification (29). The selective depletion of CD4+

T cells following anti-rejection therapy further validates the biological

relevance of our monitoring target. The clinical implementation of

CD4+ T-cell percentage monitoring requires consideration of several

practical factors. While this parameter can be influenced by concurrent

conditions (e.g., infections, corticosteroid bursts) and sampling timing,

its integration with tacrolimus levels in our model provides contextual

interpretation. An elevated CD4+ percentage is primarily concerning

when accompanied by subtherapeutic tacrolimus exposure.

Standardization of sampling protocols (e.g., pre-dose timing) and

integration with infection screening would enhance reproducibility in

clinical practice.

The integration of tacrolimus levels provides crucial

pharmacodynamic context, as subtherapeutic exposure permits

NFAT-dependent IL-2 transcription and subsequent T cell

proliferation (30). This combination of immune activation and

inadequate suppression creates the high-risk phenotype our model

identifies, offering a more nuanced assessment than either

parameter alone.

In the evolving landscape of transplant monitoring, donor-

derived cell-free DNA (dd-cfDNA) has emerged as a promising
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biomarker. Studies by Levitsky et al (31) have demonstrated

impressive performance (AUC 0.95 for rejection vs normal

function) and the ability to detect rejection up to 100 days

before clinical manifestation. While promising, dd-cfDNA

detects established graft injury rather than impending risk,

potentially limiting preemptive utility. In contrast, our model

provides both risk stratification and actionable mechanistic

insights—directly informing tacrolimus escalation decisions.

Beyond cellular and genomic approaches, predictive models

based on soluble immune mediators or circulating miRNAs

have shown promise in specific contexts (32, 33). While these

methods offer different biological insights, our model’s reliance

on routine clinical tests (flow cytometry and therapeutic drug

monitoring) provides distinct advantages in immediate clinical

applicability, cost-effectiveness, and integration into existing

workflows . The choice among these complementary

approaches should consider the specific clinical context and

available resources. We propose a combined monitoring

strategy: immunophenotyping for routine screening and dd-

cfDNA for confirmatory testing. This approach leverages dd-

cfDNA’s sensitivity while retaining our model’s therapeutic

guidance. Clinically, identifying high-risk patients (elevated

CD4+% + subtherapeutic tacrolimus) enables preemptive

intervention, while low-risk profiles may permit reduced

monitoring intensity.

We acknowledge several limitations inherent to this exploratory

study. First, the model was derived from a single-center cohort with

a limited number of rejection events (n=18). Although we employed

statistical techniques specifically designed for such settings (Firth

regression, bootstrapping) and observed stable performance in

internal validation, external validation in larger, multicenter

prospective cohorts is essential to confirm generalizability.

Second, the model is based on a single time-point assessment,

which may not fully capture dynamic immune-pharmacologic

interactions; future studies employing serial monitoring could

enhance sensitivity. Third, as a risk stratification tool developed

using data from the ‘point of clinical suspicion,’ our model is not

directly equivalent to a universal screening tool for completely

healthy, asymptomatic transplant recipients. Future prospective

validation at fixed, asymptomatic timepoints is needed to explore

its potential as a broader pre-emptive prediction tool for routine

monitoring. The differing baseline definitions—routine monitoring

for stable patients versus the onset of clinical suspicion for rejection

cases—reflects this pragmatic design but could theoretically inflate

discriminatory performance. A prospective study with uniform

timepoints is warranted to provide an unbiased performance

estimate. Fourth, the absence of pre-transplant immune profiles

limits our ability to contextualize post-transplant changes relative to

individual baselines. Future prospective studies should incorporate

pre-transplant immunophenotyping to establish personalized

reference ranges. Fifth, the cohort primarily comprised recipients

with viral hepatitis or HCC under a specific immunosuppressive

protocol (including sirolimus conversion), which may reflect

regional practices. The validation of this model across diverse

etiologies, ethnicities, and immunosuppressive regimens is

essential. Sixth, while our model focuses on the critical effector
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arm (CD4+ T cells) and its pharmacological control, we

acknowledge the potential role of regulatory immune subsets in

transplant immunology. Specialized populations such as

CD56bright NK cells, which require specific markers (CD127,

CD45) for identification (34), were not measured in our

retrospective study utilizing routine clinical flow cytometry

panels. Future prospective studies incorporating comprehensive

immunophenotyping could evaluate whether inclusion of these

regulatory subsets further refines risk stratification approaches.

Finally, unmeasured confounders such as CYP3A5 genotype and

medication adherence may influence the tacrolimus-CD4+ T cell

relationship, partly explaining why not all patients with

subtherapeutic exposure develop rejection.
Conclusions

In conclusion, our study provides a biologically grounded and

clinically actionable tool for ACR risk stratification. By leveraging

routinely available parameters, it presents a feasible pathway towards

personalized and preemptive immunosuppression management,

potentially transforming patient outcomes after liver transplantation.
Data availability statement

The raw data supporting the conclusions of this article will bemade

available by the corresponding authors, without undue reservation.
Ethics statement

The study protocol (IRB No. 2024-s-725) was approved by the

Beijing Chaoyang Hospital Ethics Committee. The studies were

conducted in accordance with the local legislation and institutional

requirements. The ethics committee/institutional review board

waived the requirement of written informed consent for

participation from the participants or the participants’ legal

guardians/next of kin because A single-center retrospective

cohort study.
Author contributions

Q-XL: Formal Analysis, Writing – original draft. J-XZ: Formal

Analysis, Writing – original draft. HL: Formal Analysis, Writing –
Frontiers in Immunology 10
original draft. XL-L: Project administration, Writing – review &

editing. QH: Project administration, Writing – review & editing. D-

DH: Conceptualization, Writing – review & editing. J-QZ:

Conceptualization, Writing – review & editing.
Funding

The author(s) declared that financial support was not received

for this work and/or its publication.
Conflict of interest

The author(s) declared that this work was conducted in the

absence of any commercial or financial relationships that could be

construed as a potential conflict of interest.
Generative AI statement

The author(s) declared that generative AI was not used in the

creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this

article has been generated by Frontiers with the support of artificial

intelligence and reasonable efforts have been made to ensure

accuracy, including review by the authors wherever possible. If

you identify any issues, please contact us.
Publisher’s note

All claims expressed in this article are solely those of the authors

and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed or

endorsed by the publisher.
Supplementary material

The Supplementary Material for this article can be found online

at: https://www.frontiersin.org/articles/10.3389/fimmu.2026.

1760409/full#supplementary-material
frontiersin.org

https://www.frontiersin.org/articles/10.3389/fimmu.2026.1760409/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2026.1760409/full#supplementary-material
https://doi.org/10.3389/fimmu.2026.1760409
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org


Li et al. 10.3389/fimmu.2026.1760409
References

1. Rodriguez-Peralvarez M, Rico-Juri JM, Tsochatzis E, Burra P, De la Mata M, Lerut J.
Biopsy-proven acute cellular rejection as an efficacy endpoint of randomized trials in
liver transplantation: a systematic review and critical appraisal. Transpl Int. (2016)
29:961–73. doi: 10.1111/tri.12737

2. Nacif LS, Pinheiro RS, Pecora RA, Ducatti L, Rocha-Santos V, Andraus W, et al. Late
acute rejection in liver transplant: a systematic review. Arq Bras Cir Dig. (2015) 28:212–
5. doi: 10.1590/S0102-67202015000300017

3. Short S, Lewik G, Issa F. An Immune Atlas of T Cells in Transplant Rejection:
Pathways and Therapeutic Opportunities. Transplantation. (2023) 107:2341–52.
doi: 10.1097/TP.0000000000004572

4. Yang P, Wang X, WuW, Yuan J, Wang X, Ding R, et al. Decoding the resistin-CAP1
pathway in intermediate monocytes mediating liver allograft rejection. J Hepatol.
(2025) 83:931–45. doi: 10.1016/j.jhep.2025.04.037

5. Dienz O, Eaton SM, Krahl TJ, Diehl S, Charland C, Dodge J, et al. Accumulation of
NFAT mediates IL-2 expression in memory, but not naive, CD4+ T cells. Proc Natl
Acad Sci U.S.A. (2007) 104:7175–80. doi: 10.1073/pnas.0610442104

6. Shibasaki F, Kondo E, Akagi T, McKeon F. Suppression of signalling through
transcription factor NF-AT by interactions between calcineurin and Bcl-2. Nature.
(1997) 386:728–31. doi: 10.1038/386728a0

7. Majedi FS, Hasani-Sadrabadi MM, Kidani Y, Thauland TJ, Moshaverinia A, Butte
MJ, et al. Cytokine Secreting Microparticles Engineer the Fate and the Effector
Functions of T-Cells. Adv Mater. (2018) 30. doi: 10.1002/adma.201703178

8. Hsu J, Donahue RN, Katragadda M, Lowry J, Huang W, Srinivasan K, et al. A T cell
receptor beta chain-directed antibody fusion molecule activates and expands subsets of
T cells to promote antitumor activity. Sci Transl Med. (2023) 15:eadi0258. doi: 10.1126/
scitranslmed.adi0258

9. Sanei MH, Schiano TD, Sempoux C, Fan C, Fiel MI. Acute cellular rejection
resulting in sinusoidal obstruction syndrome and ascites postliver transplantation.
Transplantation. (2011) 92:1152–8. doi: 10.1097/TP.0b013e318234119d

10. Yokoi Y, Nakamura S, Muro H, Baba S. Functional abnormalities of sinusoidal
endothelial cells in rats with acute liver rejection. Transplantation. (1994) 57:27–31.
doi: 10.1097/00007890-199401000-00006

11. Montano-Loza AJ, Rodriguez-Peralvarez ML, Pageaux GP, Sanchez-Fueyo A, Feng
S. Liver transplantation immunology: Immunosuppression, rejection, and
immunomodulation. J Hepatol. (2023) 78:1199–215. doi: 10.1016/j.jhep.2023.01.030

12. Agopian VG, Markovic D, Klintmalm GB, Saracino G, Chapman WC,
Vachharajani N, et al. Multicenter validation of the liver graft assessment following
transplantation (L-GrAFT) score for assessment of early allograft dysfunction. J
Hepatol. (2021) 74:881–92. doi: 10.1016/j.jhep.2020.09.015

13. Pareja E, Cortes M, Hervas D, Mir J, Valdivieso A, Castell JV, et al. A score model
for the continuous grading of early allograft dysfunction severity. Liver Transpl. (2015)
21:38–46. doi: 10.1002/lt.23990

14. Rodriguez-Peralvarez M, Germani G, Darius T, Lerut J, Tsochatzis E, Burroughs
AK. Tacrolimus trough levels, rejection and renal impairment in liver transplantation: a
systematic review and meta-analysis. Am J Transplant. (2012) 12:2797–814.
doi: 10.1111/j.1600-6143.2012.04140.x

15. Crispe IN. The liver as a lymphoid organ. Annu Rev Immunol. (2009) 27:147–63.
doi: 10.1146/annurev.immunol.021908.132629

16. Charlton M, Levitsky J, Aqel B, O’Grady J, Hemibach J, Rinella M, et al.
International Liver Transplantation Society Consensus Statement on
Immunosuppression in Liver Transplant Recipients. Transplantation. (2018)
102:727–43. doi: 10.1097/TP.0000000000002147

17. Li H, Li XL, Cao S, Jia YN, Wang RL, XuWL, et al. Decreased granzyme B(+)CD19
(+)B cells are associated with tumor progression following liver transplantation. Am J
Cancer Res. (2021) 11:4485–99.
Frontiers in Immunology 11
18. Zhu JQ, Zhu Y, Qi M, Zeng Y, Liu ZJ, Ding C, et al. Granzyme B+ B cells detected
by single-cell sequencing are associated with prognosis in patients with intrahepatic
cholangiocarcinoma following liver transplantation. Cancer Immunol Immunother.
(2024) 73:58. doi: 10.1007/s00262-023-03609-x

19. Kang J, Zhu JQ, Wang Y, He Q. Effect of Immunosuppressive Regimens on
Metabolic Dysfunction-associated Fatty Liver Disease Following Liver Transplantation.
J Clin Exp Hepatol. (2025) 15:102387. doi: 10.1016/j.jceh.2024.102387

20. XuWL, Wang RL, Liu Z, Wu Q, Li XL, He Q, et al. Granzyme B-Producing B Cells
Function as a Feedback Loop for T Helper Cells in Liver Transplant Recipients with
Acute Rejection. Inflammation. (2021) 44:2270–8. doi: 10.1007/s10753-021-01498-9

21. Zhu JQ, Wang J, Li XL, Xu WL, Lv SC, Zhao X, et al. A combination of the
percentages of IFN-gamma(+)CD4(+)T cells and granzyme B(+)CD19(+)B cells is
associated with acute hepatic rejection: a case control study. J Transl Med. (2021)
19:187. doi: 10.1186/s12967-021-02855-w

22. Zhu JQ, Zhou L, Kou JT, Ding C, Jia YN, Wang RL, et al. Individualized
management of immunosuppressants in liver transplant recipients by using a novel
immune score system. Am J Transl Res. (2024) 16:1353–65. doi: 10.62347/GHKH4280

23. Pan F, Cao S, Li XL, Jia YN, Wang RL, He Q, et al. The Model for End-Stage Liver
Disease Score and the Follow-Up Period Can Cause the Shift of Circulating
Lymphocyte Subsets in Liver Transplant Recipients. Front Med (Lausanne). (2021)
8:779443. doi: 10.3389/fmed.2021.779443

24. Ashwell JD, Lu FW, Vacchio MS. Glucocorticoids in T cell development and
func t i on * . Annu Rev Immuno l . ( 2000 ) 18 : 309–45 . do i : 10 . 1146 /
annurev.immunol.18.1.309

25. Liu J, Farmer JDJr., Lane WS, Friedman J, Weissman I, Schreiber SL. Calcineurin is
a common target of cyclophilin-cyclosporin A and FKBP-FK506 complexes. Cell.
(1991) 66:807–15. doi: 10.1016/0092-8674(91)90124-H

26. Ai C, Song J, Yuan C, Xu G, Yang J, Lv T, et al. Prediction model of the T cell-
mediated rejection after liver transplantation in children and adults: A case-controlled
study. Int J Surg. (2025) 111:2827–37. doi: 10.1097/JS9.0000000000002279

27. Levitsky J, Kandpal M, Guo K, Zhao L, Kurian S, Whisenant T, et al. Prediction of
Liver Transplant Rejection With a Biologically Relevant Gene Expression Signature.
Transplantation. (2022) 106:1004–11. doi: 10.1097/TP.0000000000003895

28. Li S, Luo Q, Chen S, Jia Z, Wang T, Yu X, et al. L-GrAFT(7) has High Accuracy in
Predicting Early Allograft Failure after Liver Transplantation: A Multicenter Cohort
Study in China. J Clin Transl Hepatol. (2024) 12:62–9. doi: 10.14218/JCTH.2023.00178

29. Pishesha N, Harmand TJ, Ploegh HL. A guide to antigen processing and
presentation. Nat Rev Immunol. (2022) 22:751–64. doi: 10.1038/s41577-022-00707-2

30. Sigal NH, Dumont FJ. FK-506, and rapamycin: pharmacologic probes of
lymphocyte signal transduction. Annu Rev Immunol. (1992) 10:519–60. doi: 10.1146/
annurev.iy.10.040192.002511

31. Levitsky J, Kandpal M, Guo K, Kleiboeker S, Sinha R, Abecassis M. Donor-derived
cell-free DNA levels predict graft injury in liver transplant recipients. Am J Transplant.
(2022) 22:532–40. doi: 10.1111/ajt.16835

32. Shaked A, Chang BL, Barnes MR, Sayre P, Li YR, Asare S, et al. An ectopically
expressed serum miRNA signature is prognostic, diagnostic, and biologically related to
liver allograft rejection. Hepatology. (2017) 65:269–80. doi: 10.1002/hep.28786

33. Chichelnitskiy E, Goldschmidt I, Ruhl L, Rubsamen N, Jaeger VK, Karch A, et al.
Plasma immune signatures can predict rejection-free survival in the first year after
pediatric liver transplantation. J Hepatol. (2024) 81:862–71. doi: 10.1016/
j.jhep.2024.05.032

34. Jameson G, Harmon C, Santiago RM, Houlihan DD, Gallagher TK, Lynch L, et al.
Human Hepatic CD56(bright) NK Cells Display a Tissue-Resident Transcriptional
Profile and Enhanced Ability to Kill Allogenic CD8(+) T Cells. Front Immunol. (2022)
13:921212. doi: 10.3389/fimmu.2022.921212
frontiersin.org

https://doi.org/10.1111/tri.12737
https://doi.org/10.1590/S0102-67202015000300017
https://doi.org/10.1097/TP.0000000000004572
https://doi.org/10.1016/j.jhep.2025.04.037
https://doi.org/10.1073/pnas.0610442104
https://doi.org/10.1038/386728a0
https://doi.org/10.1002/adma.201703178
https://doi.org/10.1126/scitranslmed.adi0258
https://doi.org/10.1126/scitranslmed.adi0258
https://doi.org/10.1097/TP.0b013e318234119d
https://doi.org/10.1097/00007890-199401000-00006
https://doi.org/10.1016/j.jhep.2023.01.030
https://doi.org/10.1016/j.jhep.2020.09.015
https://doi.org/10.1002/lt.23990
https://doi.org/10.1111/j.1600-6143.2012.04140.x
https://doi.org/10.1146/annurev.immunol.021908.132629
https://doi.org/10.1097/TP.0000000000002147
https://doi.org/10.1007/s00262-023-03609-x
https://doi.org/10.1016/j.jceh.2024.102387
https://doi.org/10.1007/s10753-021-01498-9
https://doi.org/10.1186/s12967-021-02855-w
https://doi.org/10.62347/GHKH4280
https://doi.org/10.3389/fmed.2021.779443
https://doi.org/10.1146/annurev.immunol.18.1.309
https://doi.org/10.1146/annurev.immunol.18.1.309
https://doi.org/10.1016/0092-8674(91)90124-H
https://doi.org/10.1097/JS9.0000000000002279
https://doi.org/10.1097/TP.0000000000003895
https://doi.org/10.14218/JCTH.2023.00178
https://doi.org/10.1038/s41577-022-00707-2
https://doi.org/10.1146/annurev.iy.10.040192.002511
https://doi.org/10.1146/annurev.iy.10.040192.002511
https://doi.org/10.1111/ajt.16835
https://doi.org/10.1002/hep.28786
https://doi.org/10.1016/j.jhep.2024.05.032
https://doi.org/10.1016/j.jhep.2024.05.032
https://doi.org/10.3389/fimmu.2022.921212
https://doi.org/10.3389/fimmu.2026.1760409
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	A pre-emptive risk model for acute rejection in liver transplantation: an immunopharmacologic biomarker panel combining CD4+ T-cell profiling and tacrolimus exposure
	Introduction
	Materials and methods
	Study design and population
	Treatment protocol
	Flow cytometry analysis
	Definition of time points for model variables
	Statistical analysis

	Results
	Demographic and clinical characteristics
	Lymphocyte subset profiles in stable liver transplant recipients
	Dynamic changes in lymphocyte subsets before and after anti-rejection therapy
	Longitudinal immune dynamics after anti-rejection therapy
	Distinct lymphocyte profiles in liver transplant recipients with and without acute rejection
	Immunopharmacologic signature for acute rejection prediction

	Discussion
	Conclusions
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


