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A B S T R A C T

Introduction: Radiation-induced lymphopenia (RIL) has been shown to adversely affect the prognosis of cancer 
patients undergoing radiotherapy (RT). This model-based meta-analysis investigated the prognostic significance 
of lymphocyte counts both early and late after RT and examined the dose‒response relationship between post-RT 
lymphocyte levels and patient survival.
Methods: A literature search of published articles on the effect of RIL on cancer prognosis was conducted using 
the PubMed and Cochrane databases. A survival model was developed, incorporating absolute lymphocyte count 
(ALC) thresholds during (1 month after RT initiation, nadir) and 6 months after RT (recovery) as covariates to 
estimate progression-free survival (PFS) and overall survival (OS). This survival model, with the lymphocyte 
count cutoff as a covariate, was then used to simulate the benefit of increased PFS and OS in populations without 
lymphopenia or severe lymphopenia compared to the total population.
Results: A total of 35 studies met the inclusion criteria for survival analysis. Our survival model revealed an 
increase in survival in the subgroup without lymphopenia compared to the total population. The subgroup 
without lymphopenia 1 month after RT initiation showed a 10.28 % and 3.92 % increase in 24-month PFS and 
OS, respectively. The subgroup without lymphopenia at 6 months showed a 5.82 % and 2.78 % increase in 24- 
month PFS and OS, respectively.
Conclusion: This study highlights the critical role of lymphocyte nadir and recovery following RT in patient 
prognosis and strengthens the evidence for a causal relationship between RIL and patient outcomes. Expanding 
the dataset and including randomized controlled trials would provide a more comprehensive understanding of 
monitoring or knowledge of ALC profiles following RT.

1. Introduction

The immune system plays a critical role in both the development and 
elimination of malignant tumors [1]. Radiotherapy (RT) has tradition
ally been considered as a local treatment. However, recent evidence 
highlights its broader impact on the immune system through the 
abscopal effect, i.e., an immune response beyond the irradiated area [2]. 
The perception of RT as a purely local treatment has changed dramati
cally in recent years, and it is now widely accepted that RT can induce a 
systemic immune response, providing a strong rationale for combining 
RT with immunotherapy [2–5].

Lymphocytes are a type of white blood cell that play a central role in 

the immune system’s ability to recognize and eliminate cancer cells [6]. 
Despite its efficacy, RT can induce lymphopenia, referred to as 
radiation-induced lymphopenia (RIL), which is characterized by a 
decrease in the number of lymphocytes [7–9]. This common side effect 
has significant clinical consequences, with severe lymphopenia being 
correlated with poorer prognosis, as evidenced by a reduction in sur
vival in various cancers [7,8].

Recently, attention has shifted from simply documenting lympho
penia to examining the dynamic nature of lymphocyte counts during and 
after RT. However, the majority of existing studies have focused pri
marily on the severity of lymphopenia during or immediately after RT 
[10]. Most studies addressing the prognostic value of RIL have only 
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partially investigated the longitudinal dynamics of lymphocyte changes 
after RT by analyzing acute RIL during RT [10]. Yet, few studies have 
addressed the relationship between the dynamics of lymphocyte re
covery after RIL and prognosis. Emerging evidence suggests that 
lymphocyte counts late after RT may have a greater prognostic impact 
than the initial decline observed early after treatment in several types of 
cancer, including oropharyngeal cancer, non-small cell lung cancer, 
esophageal cancer, and pancreatic cancer [11–14]. Therefore, a longi
tudinal approach is essential to study acute lymphopenia both during 
treatment and recovery, if any, after the lymphopenia nadir. Addition
ally, the dose‒response relationship (i.e., biological gradient) between 
increasing lymphocyte counts after treatment and improved survival 
outcomes remains understudied.

A systematic review and meta-analysis demonstrated a significant 
adverse prognostic association between lymphopenia and overall sur
vival (OS) in patients receiving RT for solid tumors [10]. However, the 
existing literature on the correlation between lymphocyte counts and 
cancer outcomes lacks a clear gradient relationship. Most studies 
compared outcomes between lymphopenia and non-lymphopenia 
groups, but used different thresholds to define lymphopenia. With 
more accurate predictive models now being available [15–17], estab
lishing a survival relationship based on lymphocyte counts is essential to 
fully leverage the potential benefits of controlling RIL. In addition, the 
prognostic impact of lymphocyte recovery beyond the acute phase of 
treatment has yet to be fully addressed on a meta-level.

To fill these knowledge gaps and deepen our understanding of how 
RIL impacts prognosis, this study employed a model-based meta-ana
lytic approach [18]. This method allowed us to quantitatively assess the 
relationship between both early and late post-RT absolute lymphocyte 
counts (ALC) and patient survival, going beyond binary group com
parisons and modeling lymphocyte count as a continuous variable. By 
incorporating longitudinal data and exploring the dose‒response rela
tionship, we aimed to provide a model framework for how lymphocyte 
counts after RT and their recovery influence patient outcomes.

2. Materials and methods

2.1. Literature search

2.1.1. Search strategy
A literature search of published articles on the effect of RIL on cancer 

prognosis was performed using the PubMed and Cochrane online data
bases, employing keywords such as “radiation-induced lymphopenia”, 
“tumor control”, and “radiotherapy effect”. The relevant references 
identified were manually screened for further inclusion. The search was 
updated in January 2024.

2.1.2. Exclusion criteria
Studies using single-dose irradiation and those involving non-solid 

tumors or radiation exposure for reasons other than cancer treatment 
were excluded. Letters, case reports, studies with a sample size of less 
than 10, and non-English language articles were also excluded.

2.1.3. Inclusion criteria
Survival data were stratified by time in correlation with lymphocyte 

nadir or lymphopenia grade during or after RT. Clinical trials and 
retrospective reports on longitudinal progression-free survival (PFS) and 
OS in clinical practice were included.

2.1.4. Data extraction
For each study, the following information was extracted: (1) publi

cation characteristics, title, authors, and year of publication; (2) patient 
population characteristics, demographics, dosing regimen, cancer type, 
RT type, and concomitant treatment; (3) clinical outcome measures and 
longitudinal PFS and OS data; (4) covariates relevant to PFS and OS; (5) 
ALC cutoff for stratified survival data. The reported survival rates over 

time were derived from the Kaplan‒Meier curve.

2.2. Survival modeling using model-based meta-analysis

Model-based meta-analysis (MBMA) integrates data from multiple 
studies using a modeling approach to explore relationships, predict 
outcomes, and account for variability across studies. A longitudinal 
MBMA was performed to separately quantify the probability of PFS and 
OS based on pooled data from our established meta-database. The 
analysis was performed with a nonlinear model using the nlme package 
in R [19].

2.2.1. Selection of covariates
Study type, tumor type, and time since treatment initiation were 

used to select covariates relevant to PFS and OS after RT using stepwise 
covariate selection.

2.2.2. Model development
We initially used parametric survival models to address the limita

tions of the Kaplan‒Meier curve, which allowed for the prediction and 
inclusion of covariates such as lymphocyte concentration during and 
after RT. We began by remodeling the data extracted from the Kaplan‒ 
Meier curve using parametric survival models. Since these models as
sume an underlying distribution of the data, we first tested different 
probability distributions to identify the most suitable model for OS and 
PFS.

As a starting point, the probability of OS and PFS, S(t), was tested 
using three parametric survival models as the basic structural model: (1) 
the exponential model, which assumes a constant hazard rate over time 
(eq. (1)); (2) the log-logistic model, in which the hazard initially in
creases (early increase in deaths/progression) and then levels off (eq. 
(2)); (3) the Weibull model, which captures various hazard patterns, 
including increasing, decreasing, or constant hazard rates, depending on 
the estimated shape parameter k (eq. (3)). The baseline hazard ratio was 
allowed to vary between studies to capture the diversity of survival 
outcomes across different experimental conditions. 

S(t)= exp(− λt) (eq. 1) 

S(t)=
1

1 + (λt)k (eq. 2) 

S(t)= exp
(
− (λt)k) (eq. 3) 

where S(t) is the survival rate, λ is the scale parameter, t is the time since 
RT initiation, and k is the shape parameter. The residual sum of squares 
(RSS) and Akaike information criterion (AIC) were used as selection 
criteria. Fisher’s exact test was used to compare the RSS between the 
models.

Fivefold cross-validation was performed and the mean square error 
was calculated for each model.

2.2.3. Effect of lymphocyte count cutoff on survival curve
A lymphocyte cutoff of 1 month (nadir) or 6 months (recovery) after 

RT initiation was identified as a relevant factor affecting the hazard ratio 
within the survival model. 

λ= f
(

Lym> Lymcutoff

)
= λ0 + a*Lymcutoff (eq. 4) 

where Lymcutoff is the lymphocyte cutoff 1 month (nadir) or 6 months 
(recovery) after RT initiation and a is the parameter denoting the linear 
relationship between the lymphocyte cutoff 1 month (nadir) or 6 months 
(recovery) after RT initiation and the scale parameter. A Lymcutoff value 
of 0 was defined as the Lymcutoff value of the entire population in each 
study, without stratification by lymphopenia status.

After including the lymphocyte count cutoff in the survival model, 
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the models (exponential model, log-logistic model, and Weibull model, 
respectively) become: 

S(t)= exp
(
−
(

λ0 + a*Lymcutoff

)
t
)

S(t)=
1

1 +
((

λ0 + a*Lymcutoff

)
t
)k 

S(t)= exp
(
−
((

λ0 + a*Lymcutoff

)
t
)k)

where S(t) is the survival rate, λ is the scale parameter, t is the time since 
RT initiation, k is the shape parameter, Lymcutoff is the lymphocyte cutoff 
1 month (nadir) or 6 months (recovery) after RT initiation, and a is the 
parameter denoting the linear relationship between the lymphocyte 
cutoff 1 month (nadir) or 6 months (recovery) after RT initiation and the 
scale parameter.

Different studies reported different cutoffs, which could be either the 
median lymphocyte nadir of the specific dataset or the threshold for 
defining lymphopenia according to the Common Terminology Criteria 
for Adverse Events (CTCAE) version 5.0 classification [20] (Grade 1 as 
1000 cells/μL, Grade 2 as 800 cells/μL, Grade 3 as 500 cells/μL, and 
Grade 4 as 200 cells/μL).

This model was then compared to the basic model without the 
lymphocyte cutoff as a covariate. The AIC was used as the performance 
metric and selection criterion.

2.2.4. Simulation
The survival model, with the effect of the lymphocyte count cutoff as 

a covariate, was then used to simulate the benefit of increasing PFS and 
OS in the population without lymphopenia or severe lymphopenia 
compared to the total population. Lymphopenia was defined as an ALC 
of <1000 cells/μL of blood, and severe lymphopenia was defined as an 
ALC of <500 cells/μL of blood, according to the CTCAE version 5.0 
classification [20].

The difference in survival between the population without lympho
penia or severe lymphopenia and the total population was calculated for 
each study as follows: 

ΔS(t, no lymphopenia)= S(t, Lym1) − S
(
t, Lym0

)

ΔS(t, no severe lymphopenia)= S
(
t, Lym0.5

)
− S

(
t, Lym0

)

where ΔS(t, no lymphopenia) and ΔS(t, no severe lymphopenia) are the 
differences in PFS or OS of the population without lymphopenia or se
vere lymphopenia compared to the total population. S(t, Lym1), S

(
t,

Lym0.5
)
, and S

(
t, Lym0

)
are the PFS or OS of the population without 

lymphopenia (total lymphocyte count >1000 cells/μL), without severe 
lymphopenia (total lymphocyte count >500 cells/μL), and the total 
population, respectively, at time t after RT initiation.

A one-sided t-test (or nonparametric Wilcoxon test when sample size 
was <5) was used to compare ΔS with 0 under the null hypothesis that 
patient survival was independent of lymphopenia status.

2.3. Heterogeneity and sensitivity analysis

2.3.1. Heterogeneity analysis
To assess the variability in parameter estimation across the included 

studies, we performed a heterogeneity analysis. In this analysis, we 
estimated a separate value of parameter a ((cells/μL)− 1, denoting the 
impact of lymphocyte counts on survival in eq.4) for each individual 
study, rather than assuming a single common effect. The degree of 
heterogeneity was quantified using the I2 statistic, which represents the 
proportion of the total variation in a parameter that is due to differences 
between studies rather than random chance. By calculating I2, we were 

able to determine whether the differences observed in parameter a 
across studies were meaningful or merely due to random variation. In 
addition to I2, we also calculated the Q-statistic and its associated p- 
value to formally test the null hypothesis that all studies share a common 
parameter estimation. If the p-value from the Q-test is less than 0.05, it 
indicates a significant heterogeneity across studies.

2.3.2. Sensitivity analysis
To evaluate the robustness of our findings and the influence of in

dividual studies on the overall estimates of parameter a ((cells/μL)− 1, 
denoting the impact of lymphocyte counts on survival in eq.4), we 
performed a leave-one-out sensitivity analysis. We iteratively removed 
one study at a time from the meta-dataset and re-estimated parameter a 
using the remaining studies. If the exclusion of a particular study results 
in a significant change in the value or direction of the parameter esti
mate, this suggests that the study may be an influential outlier.

2.4. Data availability

The data generated in this study are available in the manuscript and 
supplementary files.

3. Results

3.1. Literature search results

The results of the literature search are shown in Fig. 1. A total of 35 
studies met the inclusion criteria for survival analysis, including six 
studies on glioblastoma [21–26], one on nasopharyngeal cancer [27], 
three on oropharyngeal cancer [13,28,29], seven on esophageal cancer 
[11,30–35], eight on non-small cell lung cancer [12,36–42], one on 
hepatocarcinoma [43], two on pancreatic cancer [14,44], four on cer
vical cancer [38,45–47], one on rectal cancer [48], and two on pro
phylactic cranial irradiation in small cell lung cancer [49,50]. A 
summary of study characteristics is provided in Table S1.

Among the selected studies, 18 and 29 examined the association 
between lymphopenia either during or within 1 month after RT initia
tion and PFS and OS, respectively. These studies investigated the impact 
of lymphopenia during RT on prognosis. Additionally, three and four 
studies explored the connection between lymphopenia occurring 6 
months after RT initiation and PFS and OS, respectively, focusing on the 
long-term recovery phase after treatment. The assessment of lympho
penia at these two time points was modeled separately.

3.2. Model structure selection

As a first step, we identified the optimal survival model structure to 
represent the PFS and OS of the collected data. The log-logistic model 
showed the best performance among the PFS models, with the lowest 
RSS and AIC values. The RSS of the log-logistic model was significantly 
lower than that of the exponential model according to Fisher’s test (p =
0.01), but not significantly lower than that of the Weibull model 
(Table S2). A log-logistic model was used for further analysis of PFS rate.

According to the survival model, the exponential model had the 
lowest AIC. The RSS of the exponential model was not significantly 
greater than that of the Weibull model (p = 0.63). The exponential 
model was selected for further analysis of the OS rate due to its 
simplicity, with only one parameter for estimation.

The selected model also achieved the lowest mean square error 
following cross-validation, confirming the choice of the model structure 
(Table S3).

3.3. Parametric survival modeling with the absolute lymphocyte count 
nadir following radiotherapy as a covariate

In this section, our goal was to evaluate parametric survival models 
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that account for the early effects of RIL (ALC nadir during RT). A total of 
474 time points from 18 studies were used to fit the PFS data with the 
log-logistic model, considering a lymphocyte cutoff of 1 month after RT 
initiation as a covariate. The model with the lymphocyte cutoff 1 month 
after RT initiation as a covariate did not perform better than the basic 
model (AIC of 2570.51 vs. 2568.90, Fig. 2A1). However, when the 
parameter λ0 was estimated separately for each study, the new model 
with lymphocyte nadir implementation achieved a lower AIC of 2154.02 
(Fig. 2A1). The parameter estimation for this model is presented in 
Table S4. Model fitting is illustrated in Fig. 2A2. The decrease in PFS 
over time followed the log-logistic model, with the curve shifting to the 
left for the subpopulation with lymphopenia (ALC <1000 cells/μL for 
lymphopenia and ALC <500 cells/μL for severe lymphopenia), indi
cating a lower PFS over time (Fig. 2A2). The model indicated that PFS at 
6, 12, 24, and 36 months after RT increased with increasing ALC (1 
month after RT initiation) (Fig. 2A3).

A total of 772 observations from 29 studies were used to fit the OS 
data with the exponential model, considering the lymphocyte cutoff 1 
month after RT initiation as a covariate. The model with the lymphocyte 
cutoff 1 month after RT initiation as a covariate performed better than 
the basic model (AIC of 4297.51 vs. 4304.90, Fig. 2B1). When the 
parameter λ0 was estimated separately for each study, the new model 
with lymphocyte nadir implementation achieved a lower AIC of 3753.00 
(Fig. 2B1). The parameter estimation for this model is presented in 
Table S4. Model fitting is illustrated in Fig. 2B2. The decrease in OS over 
time followed the exponential model, with the curve shifting to the left 
for the subpopulation with lymphopenia (ALC <1000 cells/μL for lym
phopenia and ALC <500 cells/μL for severe lymphopenia), indicating a 
lower OS over time (Fig. 2B2). The model indicated that OS at 6, 12, 24, 
and 36 months after RT increased with increasing ALC (1 month after RT 

initiation) (Fig. 2B3).

3.4. Parametric survival modeling with the absolute lymphocyte count 6 
months following radiotherapy as a covariate

We further assessed parametric survival models that considered the 
late effects of RIL (recovery of ALC, 6 months after RT). A total of 63 
time points from three studies were used to fit the PFS data with the log- 
logistic model. The model with the lymphocyte cutoff 6 months after RT 
initiation as a covariate did not perform better than the basic model (AIC 
of 454.34 vs. 338.58, Fig. 3A1). However, when the parameter λ0 was 
estimated separately for each study, the new model with implementa
tion of the lymphocyte nadir lower limit achieved a lower AIC of 284.46 
(Fig. 3A1). The parameter estimation for this model is presented in 
Table S5. Model fitting is shown in Fig. 3A2. The decrease in PFS over 
time followed the log-logistic model, with the curve shifting to the left 
for the subpopulation with lymphopenia (ALC <1000 cells/μL for lym
phopenia and ALC <500 cells/μL for severe lymphopenia), indicating a 
lower PFS over time (Fig. 3A2). The model indicated that PFS at 6, 12, 
24, and 36 months after RT increased with increasing lymphocyte 
counts 6 months after RT initiation (Fig. 3A3).

A total of 81 time points from four studies were used to fit the OS 
data with the exponential model, considering the lymphocyte cutoff 6 
months after RT initiation as a covariate. The model with the lympho
cyte cutoff 6 months after RT initiation as a covariate did not perform 
better than the basic model (AIC of 454.24 vs. 452.36, Fig. 3B1). When 
the parameter λ0 was estimated separately for each study, the new 
model with implementation of the lymphocyte nadir lower limit ach
ieved a lower AIC of 389.34 (Fig. 3B1). The parameter estimation for 
this model is presented in Table S5. Model fitting is shown in Fig. 3B2. 

Fig. 1. Literature search strategy flowchart.
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Fig. 2. Survival model with lymphocyte cutoff 1 month after radiotherapy initiation as a covariate of progression-free survival (A) or overall survival (B) as a 
function of months after treatment (A.1, B.1), Akaike information criterion of the model with or without the effect of lymphocyte cutoff 1 month after radiotherapy 
initiation; (A.2, B.2) simulated survival curve of the total population (purple), the population without severe lymphopenia 1 month after treatment initiation (blue), 
and the population without lymphopenia 1 month after treatment initiation (yellow); (A.3, B.3) survival rate as a function of lymphocyte cutoff 1 month after 
radiotherapy initiation at 6 (red), 12 (blue), 24 (yellow), and 36 (gray) months after treatment initiation. In panels A.2 and B.2, the dots represent data from the 
literature, and the curve represents the survival curve simulated from the parametric survival model. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.)
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Fig. 3. Survival model with lymphocyte cutoff 6 months after radiotherapy initiation as a covariate of progression-free survival (A) or overall survival (B) as a 
function of months after treatment (A.1, B.1), Akaike information criterion of the model with or without the effect of lymphocyte cutoff 1 month after radiotherapy 
initiation; (A.2, B.2) simulated survival curve of the total population (purple), the population without severe lymphopenia 1 month after treatment initiation (blue), 
and the population without lymphopenia 1 month after treatment initiation (yellow); (A.3, B.3) survival rate as a function of lymphocyte cutoff 1 month after 
radiotherapy initiation at 6 (red), 12 (blue), 24 (yellow), and 36 (gray) months after treatment initiation. In panels A.2 and B.2, the dots represent data from the 
literature, and the curve represents the survival curve simulated from the parametric survival model. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.)
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The decrease in OS over time followed the exponential model, with the 
curve shifting to the left for the subpopulation with lymphopenia (ALC 
<1000 cells/μL for lymphopenia and ALC <500 cells/μL for severe 
lymphopenia), indicating a lower OS over time (Fig. 3B2). The model 
indicated that OS at 6, 12, 24, and 36 months after RT increased with 
increasing lymphocyte counts 6 months after RT initiation (Fig. 3B3).

3.5. Simulation of survival rate according to different absolute 
lymphocyte counts following radiotherapy

Using simulations from 18 studies (for PFS) or 29 studies (for OS), we 
investigated the increase in survival when considering RIL (ALC <1000 
cells/μL for lymphopenia and ALC <500 cells/μL for severe lymphope
nia) early after RT. The increase in survival of the population without 
lymphopenia 1 month after RT compared with that of the total popu
lation is summarized in Fig. 4A. The PFS of the subpopulation without 
lymphopenia 1 month after RT initiation was 3.18 %, 7.63 %, 11.15 %, 
and 10.98 % greater on average than that of the total population at 6, 12, 
24, and 36 months after RT initiation, respectively (p < 0.01 according 
to one-sided t-test, compared to 0). Compared to the total population, 
the subpopulation without severe lymphopenia achieved OS rates that 
were 1.66 %, 3.87 %, 5.37 %, and 5.04 % greater on average at 6, 12, 24, 
and 36 months after RT initiation, respectively (p < 0.01 according to 
one-sided t-test, compared to 0). The OS of the subpopulation without 
lymphopenia at 1 month after RT initiation was 1.85 %, 3.08 %, 4.37 %, 
and 4.78 % greater than that of the total population at 6, 12, 24, and 36 
months after RT initiation, respectively (p < 0.01 according to one-sided 
t-test, compared to 0). Compared to the total population, the subpopu
lation without severe lymphopenia achieved OS rates that were 0.92 %, 
1.52 %, 2.13 %, and 2.31 % greater at 6, 12, 24, and 36 months after RT 
initiation, respectively (p < 0.01 according to one-sided t-test, compared 
to 0).

In addition, we explored the increase in survival when considering 
RIL early after RT using simulations from three studies (for PFS) or four 
studies (for OS) (Fig. 4B). The PFS of the subpopulation without lym
phopenia at 6 months after RT was 1.79 %, 4.26 %, 6.46 %, and 6.19 % 
greater on average than that of the total population at 6, 12, 24, and 36 
months after RT initiation, respectively (p < 0.01 according to one-sided 
Wilcoxon test, compared to 0). Compared to the total population, the 
subpopulation without severe lymphopenia achieved 0.87 %, 2.15 %, 
3.16 %, and 2.91 % greater OS rates at 6, 12, 24, and 36 months after RT 
initiation, respectively (p < 0.01 according to one-sided Wilcoxon test, 
compared to 0). The percentages of patients without lymphopenia at 6 
months after RT initiation were 4.40 %, 7.58 %, 11.48 %, and 13.34 % 
greater on average than those of the total population at 6, 12, 24, and 36 
months after RT initiation, respectively (p < 0.01 according to one-sided 
t-test, compared to 0). Compared to the total population, the subpopu
lation without severe lymphopenia achieved 2.17 %, 3.69 %, 5.45 %, 
and 6.15 % greater OS rates on average at 6, 12, 24, and 36 months after 
RT initiation, respectively (p < 0.01 according to one-sided Wilcoxon 
test, compared to 0).

Finally, our analysis aimed to compare the timing of lymphopenia 
and its impact on PFS and OS. The data indicated that PFS at 6 and 12 
months was significantly greater in patients with early lymphopenia (at 
1 month) than in those with late lymphopenia (at 6 months post-RT) 
(Fig. 4C; p < 0.05 according to nonparametric Wilcoxon test). Howev
er, this difference in PFS did not persist at 24 months post-RT. 
Conversely, the increase in OS was significantly greater in patients 
who experienced late lymphopenia (at 6 months) than in those who 
experienced early lymphopenia (at 1 month post-RT) (Fig. 4D; p < 0.01 
according to nonparametric Wilcoxon test).

3.6. Heterogeneity and sensitivity analysis

Heterogeneity analysis revealed no significant variability between 
studies in estimating the impact of lymphopenia at nadir or 6 months 

post-RT on PFS and OS, with I2 = 0 for both outcomes (Figs. S1–S2). This 
indicates that the observed variation in effect size across studies is likely 
attributable to random chance rather than meaningful differences in 
study characteristics.

For sensitivity analysis, a leave-one-out approach was employed to 
examine the stability of parameter estimates for both PFS and OS at 1 
and 6 months post-RT (Figs. S3–4). For PFS at 1 month, the leave-one- 
out parameter estimates ranged from a maximum of − 0.006 to a mini
mum of − 0.01 (Fig. S3), with a pooled parameter estimate of − 0.01. 
Exclusion of individual studies had minimal effect on the parameter 
estimates. In the most extreme case, when the study by Ghosh et al. 
(2023) was excluded, the parameter estimate was reduced by approxi
mately 1.6 times. At 6 months after RT, the parameter estimates for PFS 
ranged from − 0.003 to − 0.03, with a pooled estimate of − 0.006 
(Fig. S4). Excluding the study by Zhao et al. (2022) resulted in a fivefold 
reduction in the parameter estimate.

For OS, the leave-one-out sensitivity analysis at 1 month yielded 
parameter estimates ranging from − 0.002 to − 0.005, with a pooled 
estimate of − 0.003 (Fig. S3). Similar to PFS, the exclusion of most in
dividual studies had little impact on the overall parameter estimate. At 6 
months, parameter estimates for OS ranged from − 0.005 to − 0.01 
(Fig. S4), with a pooled estimate of − 0.006. Exclusion of individual 
studies had minimal impact on the parameter estimates for OS. In the 
most extreme case, the parameter estimate was reduced by approxi
mately 1.6-fold after excluding the Zhao et al. (2022) study in both the 
1-month and 6-month models.

4. Discussion

This study investigated the impact of patient lymphocyte counts 
following RT on patient survival. Lymphopenia early after treatment (1 
month after RT initiation) was strongly associated with short-term PFS 
improvement, while late lymphopenia (6 months after RT) had a more 
significant impact on long-term OS.

Our MBMA demonstrated a concentration-dependent relationship 
between increasing lymphocyte counts after RT and improved survival 
outcomes. This approach strengthens the causal link between lympho
cyte recovery and prognosis, moving beyond simple binary distinctions 
(lymphopenia vs. non-lymphopenia). The impact of RIL on prognosis 
from most current studies has been viewed as a binary outcome—the 
presence or absence of lymphopenia. This raised the question of whether 
the poor prognosis is the result of RIL or whether both phenomena are 
the result of tumor progression. In fact, the progression of multiple 
tumor lineages has been shown to result in a lymphopenic environment 
in the circulating blood beyond the tumor microenvironment. Lym
phopenia has been observed in more than 20 % of patients with 
advanced disease and in only 3 % of those with localized disease across 
several tumor types, including pancreas cancer, melanoma, non-Hodg
kin’s lymphoma, breast cancer, sarcoma, and glioblastoma [51–54]. 
Biological gradients are one of the criteria used to strengthen causal 
inference, as proposed by Hill [55], and have been widely used in causal 
inference in epidemiology. By incorporating the 
concentration-dependent relationship, this study strengthens the causal 
relationship between RIL and prognosis.

In addition, our results demonstrated that the benefit of lymphocyte 
recovery on OS becomes more pronounced at this later stage. Patients 
with higher lymphocyte counts at 6 months had significantly longer OS 
than the total population. This underscores the importance of moni
toring lymphocyte counts over an extended period of time, rather than 
focusing solely on early nadir counts. Low ALCs during chemo
radiotherapy are a strong predictor of poor outcomes and pathologic 
response rates in several types of cancer [10]. However, RIL is tempo
rary and the ALC may recover after treatment completion [32,56]. 
Currently, little is known about how ALC recovery contributes to 
prognosis [32]. Various associations between ALC recovery and patient 
prognosis have been reported. Deng et al. reported that lymphocyte 
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recovery was not associated with prognosis in esophageal cancer pa
tients [32]. In contrast, Tseng et al. showed that esophageal cancer 
patients with inadequate lymphocyte recovery had worse survival out
comes, while also demonstrating the potential of this recovery index to 
differentiate prognosis in patients with a G1–3 ALC nadir during che
moradiotherapy, which had previously been overlooked [11]. This 
finding is also consistent with the study by Lee et al. in advanced 
pancreatic cancer patients [14], where recovery from severe lympho
penia was significantly associated with superior OS and PFS in patients 
with locally advanced pancreatic cancer. This discrepancy may be due 
differences in the definition of lymphocyte recovery, which was defined 
as a lymphocyte count above varying thresholds across studies. There
fore, the use of the ALC as a continuous covariate in a parametric sur
vival function is necessary to strengthen the argument of the 
relationship between ALC recovery and treatment prognosis. This 
finding supports the idea of monitoring and controlling ALC not only 
during but also after RT. Limiting the dose to primary lymphoid organs 
such as the bone marrow has been shown to improve RIL recovery [4,6,
11], thus potentially improving treatment prognosis. In addition, the 
evidence presented bolsters the idea of using RIL recovery as a valuable 
prognostic factor for RT.

Time-to-event survival estimates are typically derived from observed 
patient data using the Kaplan-Meier method, a non-parametric approach 
widely regarded as the gold standard for survival analyses [57]. How
ever, survival estimates generated using regression models may offer 
greater precision, particularly in situations where the number of patients 
in certain strata is limited [57]. Unlike Kaplan-Meier estimation, para
metric survival models allow for a more detailed representation of the 
survival function, as they rely on underlying distributional assumptions. 
This approach also facilitates the interpolation of survival estimates at 
unreported time points [58]. Among the usual parametric models of 
survival and failure-time data, the exponential and Weibull distributions 
are the most commonly used. The exponential model assumes a constant 
hazard rate over time, while the Weibull model allows for a monotonic 
hazard rate that can increase or decrease over time [58,59]. The expo
nential model was selected to analyze OS in this study because it as
sumes a constant hazard rate over time. This approach was appropriate 
given the observed pattern of hazard reduction associated with changes 
in lymphopenia. For PFS, the log-logistic model was found to provide the 
best fit for the data. Unlike the exponential model, the log-logistic model 
captures a hazard function that initially increases to a peak and then 
decreases, a pattern often observed in cancer survival models. This 
pattern reflects the typical trajectory of cancer treatment effects, where 
the initial response to treatment is followed by a reduction in hazard at a 
later time point as patients recover [60,61]. Similar to OS, the hazard for 
PFS was found to decrease as lymphopenia status improved, reinforcing 
the potential role of lymphocyte recovery as a prognostic indicator.

This study presents a model-based framework for analyzing survival 
data, focusing on the longitudinal impact of lymphocytes on survival. 
Unlike traditional meta-analyses, which only compare primary end
points at the end of the study, MBMAs have significant potential to 
provide robust information [62]. This method integrates trial data from 
multiple sources and quantifies the effects of different trial populations 
and treatments. Our survival models for PFS and OS, which linked 
lymphopenia status 1 month after treatment to survival, demonstrated 

strong sensitivity and robustness in capturing the effects of early 
lymphocyte changes. In contrast, models that attempted to link late 
lymphopenia (6 months post-treatment) to survival outcomes showed 
poor sensitivity due to the limited availability of data at this time point. 
While current data are insufficient to draw firm conclusions about the 
impact of late lymphopenia, the model provides a basis for future 
analysis when more comprehensive data become available. The use of 
MBMA in survival analysis of RIL has several practical implications for 
clinical practice. By tracking lymphocyte recovery over time, clinicians 
could be able to identify patients at higher risk for poor outcomes, 
allowing for timely adjustments to treatment protocols. Enhancing 
lymphocyte counts through strategies such as controlled clinical trials 
could provide valuable insights into effective interventions to boost 
lymphocyte recovery. Additionally, the ability to predict poor survival 
outcomes associated with RIL highlights the importance of exploring 
potential therapies to restore lymphocyte levels. For example, 
interleukine-7, a cytokine known to stimulate lymphocyte production, 
may be a promising candidate for future therapeutic development 
[63–65]. Another critical consideration is the synergistic effect of other 
treatments, such as chemotherapy, which may exacerbate lymphopenia 
[66,67]. This highlights the need for combined treatment protocols that 
mitigate the risk of lymphopenia while maintaining therapeutic efficacy.

Nevertheless, this study has several limitations. First, the generaliz
ability of our findings is limited by the heterogeneity between studies 
and the observational nature of the data, which may be biased. Our 
study may have omitted some sources of variability, including differ
ences in the characteristics of the study populations. The observed 
relationship between RIL and survival could be influenced by other 
factors (e.g., concomitant treatments, disease progression, or de
mographic characteristics such as age). Research examining the impact 
of late RIL on survival after RT is limited and has only focused on certain 
types of tumors. Therefore, it would be necessary to expand the dataset 
and conduct a randomized controlled clinical trial to draw a more pre
cise conclusion. Finally, using only two time points for lymphocyte 
concentration limits the understanding of the causal relationship be
tween RIL and patient prognosis. Again, for a more robust conclusion, an 
expansion of the dataset is needed and a randomized controlled clinical 
trial with an increase in the number of follow-up time points after RT 
should be conducted.

5. Conclusion

In conclusion, this study highlights the critical role played by 
lymphocyte nadir and recovery following RT in patient prognosis. Our 
MBMA revealed a gradient effect in which both early (1 month) and late 
(6 months) lymphocyte counts influenced survival. Furthermore, the 
model-based approach has the advantage of capturing the continuous 
influence of lymphocyte levels, providing valuable insights for future 
research. This approach goes beyond traditional binary comparisons and 
strengthens the causal link between RIL and patient outcomes. However, 
limitations such as observational data and limited research on late RIL 
require further investigation. To validate these findings, future research 
should prioritize large-scale randomized controlled trials that account 
for variability in study populations and treatment protocols. By 
expanding the dataset and incorporating randomized controlled trials, 

Fig. 4. Increased survival in the population without lymphopenia compared to the total population. (A, B) Increase in progression-free survival (left) and overall 
survival (right) in the population without lymphopenia (red) or with severe lymphopenia (blue) at 1 month (A) or 6 months (B) after radiotherapy initiation 
compared to the total population. (C, D) Comparison of the increase in progression-free survival (C) and overall survival (D) between the population without 
lymphopenia (left) or severe lymphopenia (right) at 1 month (purple) or 6 months (yellow) after radiotherapy initiation. 
Legend: The increase in survival of the population without lymphopenia (absolute lymphocyte count [ALC] ≥1000 cells/μL of blood) or severe lymphopenia (ALC 
≥500 cells/μL of blood) was calculated as the survival of the total population (%) minus the survival of the population without lymphopenia (ALC ≥1000 cells/μL of 
blood) or severe lymphopenia (ALC ≥500 cells/μL of blood) (%) for each study. The p-values in panels C and D are the results of the nonparametric Wilcoxon test, 
which compared the increase in survival in the population with lymphopenia (ALC <1000 cells/μL of blood) or severe lymphopenia (ALC <500 cells/μL of blood) at 1 
month or 6 months after radiotherapy initiation. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of 
this article.)
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we can build a more comprehensive understanding of the impact of RIL 
and guide the development of effective strategies to improve patient 
outcomes after RT. Additionally, future work should include subgroup 
analyses by cancer type to improve generalizability and sensitivity an
alyses to assess the robustness of the conclusions.
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[52] J. Péron, C. Cropet, O. Tredan, T. Bachelot, I. Ray-Coquard, G. Clapisson, et al., 
CD4 lymphopenia to identify end-of-life metastatic cancer patients, Eur. J. Cancer 
49 (2013) 1080–1089, https://doi.org/10.1016/j.ejca.2012.11.003.

[53] O. Trédan, M. Manuel, G. Clapisson, T. Bachelot, S. Chabaud, C. Bardin-dit- 
Courageot, et al., Patients with metastatic breast cancer leading to CD4+ T cell 
lymphopaenia have poor outcome, Eur. J. Cancer 49 (2013) 1673–1682, https:// 
doi.org/10.1016/j.ejca.2012.11.028.

[54] P. Chongsathidkiet, C. Jackson, S. Koyama, F. Loebel, X. Cui, S.H. Farber, et al., 
Sequestration of T cells in bone marrow in the setting of glioblastoma and other 
intracranial tumors, Nat. Med. 24 (2018) 1459–1468, https://doi.org/10.1038/ 
s41591-018-0135-2.

[55] A.B. Hill, The environment and disease: association or causation? Proc. Roy. Soc. 
Med. 58 (1965) 295–300, https://doi.org/10.1177/003591576505800503.

[56] S.G. Ellsworth, A. Yalamanchali, H. Zhang, S.A. Grossman, R. Hobbs, J.-Y. Jin, 
Comprehensive analysis of the kinetics of radiation-induced lymphocyte loss in 
patients treated with external beam radiation therapy, Radiat. Res. 193 (2019) 73, 
https://doi.org/10.1667/RR15367.1.

[57] M. May, J. Sterne, M. Egger, Parametric survival models may be more accurate 
than Kaplan-Meier estimates, BMJ 326 (2003) 822, https://doi.org/10.1136/ 
bmj.326.7393.822.

[58] F. Emmert-Streib, M. Dehmer, Introduction to survival analysis in practice, MAKE 
1 (2019) 1013–1038, https://doi.org/10.3390/make1030058.

[59] S. Bennett, Log-logistic regression models for survival data, Appl. Statist. 32 (1983) 
165, https://doi.org/10.2307/2347295.

[60] A.O. Langlands, S.J. Pocock, G.R. Kerr, S.M. Gore, Long-term survival of patients 
with breast cancer: a study of the curability of the disease, BMJ 2 (1979) 
1247–1251, https://doi.org/10.1136/bmj.2.6200.1247.

[61] P. Borges, Estimating the turning point of the log-logistic hazard function in the 
presence of long-term survivors with an application for uterine cervical cancer 
data, J. Appl. Stat. 48 (2021) 203–213, https://doi.org/10.1080/ 
02664763.2020.1720627.

[62] J.W. Mandema, M. Gibbs, R.A. Boyd, D.R. Wada, M. Pfister, Model-based meta- 
analysis for comparative efficacy and safety: application in drug development and 
beyond, Clin. Pharmacol. Ther. 90 (2011) 766–769, https://doi.org/10.1038/ 
clpt.2011.242.
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