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A B S T R A C T

Purpose: Radiation-induced lymphopenia is a common immune toxicity that adversely impacts treatment out
comes. We report here our approach to translate a deep-learning (DL) model developed to predict severe lym
phopenia risk among esophageal cancer into a strategy for incorporating the immune system as an organ-at-risk 
(iOAR) to mitigate the risk.
Materials and Methods: We conducted “virtual clinical trials” utilizing retrospective data for 10 intensity- 
modulated radiation therapy (IMRT) and 10 passively-scattered proton therapy (PSPT) esophageal cancer pa
tients. For each patient, additional treatment plans of the modality other than the original were created em
ploying standard-of-care (SOC) dose constraints. Predicted values of absolute lymphocyte count (ALC) nadir for 
all plans were estimated using a previously-developed DL model. The model also yielded the relative magnitudes 
of contributions of iOARs dosimetric factors to ALC nadir, which were used to compute iOARs dose-volume 
constraints, which were incorporated into optimization criteria to produce “IMRT-enhanced” and “intensity- 
modulated proton therapy (IMPT)-enhanced” plans.
Results: Model-predicted ALC nadir for the original IMRT (IMRT-SOC) and PSPT plans agreed well with actual 
values. IMPT-SOC showed greater immune sparing vs IMRT and PSPT. The average mean body doses were 
13.10 Gy vs 7.62 Gy for IMRT-SOC vs IMPT-SOC for patients treated with IMRT-SOC; and 8.08 Gy vs 6.68 Gy for 
PSPT vs IMPT-SOC for patients treated with PSPT. For IMRT patients, the average predicted ALC nadir of IMRT- 
SOC, IMRT-enhanced, IMPT-SOC, and IMPT-enhanced was 281, 327, 351, and 392 cells/µL, respectively. For 
PSPT patients, the average predicted ALC nadir of PSPT, IMPT-SOC, and IMPT-enhanced was 258, 316, and 350 
cells/µL, respectively. Enhanced plans achieved higher predicted ALC nadir, with an average improvement of 
40.8 cells/µL (20.6%).
Conclusion: The proposed DL model-guided strategy to incorporate the immune system as iOAR in IMRT and 
IMPT optimization has the potential for radiation-induced lymphopenia mitigation. A prospective clinical trial is 
planned.

Introduction

Radiation-induced lymphopenia (RIL), that is, immune suppression, 
is a common complication of radiation therapy.1-8 Lymphocytes are 

highly radiosensitive4,9,10 and are more likely to be killed than other 
cells even at low and intermediate doses. Previous research has shown 
that severe RIL is strongly associated with poor treatment outcomes and 
decreased overall survival.11-16 Additionally, a recent study has 

https://doi.org/10.1016/j.ijpt.2024.100624 
Received 26 June 2024; Accepted 29 July 2024
2331-5180/© 2024 The Author(s). Published by Elsevier B.V. on behalf of Particle Therapy Co-operative Group. This is an open access article under the CC BY-NC- 
ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/). 

]]]] 
]]]]]]

⁎ Corresponding author.
E-mail address: wcao1@mdanderson.org (W. Cao).

https://doi.org/10.1016/j.ijpt.2024.100624
http://www.sciencedirect.com/science/journal/23315180
https://www.sciencedirect.com/journal/international-journal-of-particle-therapy
https://doi.org/10.1016/j.ijpt.2024.100624
https://doi.org/10.1016/j.ijpt.2024.100624
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ijpt.2024.100624&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ijpt.2024.100624&domain=pdf
mailto:wcao1@mdanderson.org


suggested that severe RIL may also abrogate the benefits of radio
immunotherapy.17 Therefore, sparing lymphocytes is crucial to opti
mizing the effectiveness of radiation therapy and enhancing its benefits 
in combination with immunotherapy.

Our recent studies, mainly for esophageal cancers (ECs),7,12,18-25

have also shown that proton therapy, ostensibly because of its compact 
dose distributions (smaller low and intermediate “dose bath”) spares 
lymphocytes in various immune-relevant structures and circulating in 
the body, leads to improved survival. We have also demonstrated that a 
statistically significant improvement in survival is mediated through 
the reduction in RIL with proton therapy.26 Our past studies have been 
based on data from patients treated with either intensity-modulated 
radiation therapy (IMRT) or passively scattered proton therapy (PSPT). 
The goal of this study was to develop a strategy for mitigating severe 
(grade 4) RIL among EC patients treated with IMRT and intensity- 
modulated proton therapy (IMPT). To achieve this goal, we devised 
approaches to apply a personalized deep learning (DL) RIL prediction 
model, developed previously, to incorporate the immune system as an 
organ-at-risk (iOAR) in IMRT and IMPT criteria optimization. This 
personalized model is able to predict an individual’s risk based on their 
baseline clinical characteristics, biomarkers, and dose distribution. We 
plan to implement this strategy into a clinical trial and eventually in 
routine clinical practice.

We adopted an attentive interpretable tabular learning neural net
work (TabNet) architecture that was previously trained (as described 
in27) on a data set of a large retrospective cohort of IMRT and PSPT 
patients to understand and model RIL risk as a function of patients' 
baseline clinical and dosimetric factors. The key innovation in this work 
is the approach to derive dosimetric constraints on iOARs from the 
predictions of the DL model. Such constraints supplemented the stan
dard of care (SOC) constraints to guide IMRT and IMPT optimization to 
determine if such a strategy could significantly reduce the risk of 
G4RIL. Our study’s objectives were to address the following questions: 

1. Can IMPT or IMRT optimization, with the explicit incorporation of 
the immune system as an iOAR, mitigate immune suppression 
compared to SOC plans while still preserving SOC requirements for 
the target coverage and the sparing of normal tissues?

2. How well do the model-predicted absolute lymphocyte count (ALC) 
nadirs agree with the actual measured values?

3. Would IMPT be able to spare lymphocytes to a greater degree 
compared to IMRT and PSPT?

The motivation for this study, which is a “virtual clinical trial,” was 
to generate a hypothesis to test in a prospective clinical trial whether 
the answer to question posed in item 1 above is true.

Methods and materials

Patient data

The virtual clinical trial was conducted for 10 IMRT patients and 10 
PSPT patients selected from a large cohort of patients, which were used 
in the development of an RIL predictive model in a separate study.28

The use of these data was approved by The University of Texas MD 
Anderson Cancer Center Institutional Review Board. For completeness, 
we describe the model briefly in the next section. The IMRT vs PSPT 
patients were selected to have similar age, planning target volume size, 
clinical stage, chemotherapy scheme, tumor location, etc., but not 
baseline ALC. Detailed characteristics of the 20 selected patients can be 
found in the Supplementary Material (Table S1).

Radiation-induced lymphopenia prediction model

The model developed previously27,28 and described briefly here for 
completeness used retrospective clinical and dosimetric data derived from 
medical records of 860 EC patients who received concurrent chemor
adiotherapy for biopsy-proven EC at our tertiary care cancer center be
tween January 2004 and November 2017. After excluding patients with 
missing data elements, 734 patients were found to be eligible for model 
training. The cohort includes both photon (N = 469) and proton 
(N = 265) patients. Almost all proton patients were treated with PSPT and 
a very small number with IMPT. The data for these patients include 
ALCs at baseline (before RT), during the course of RT, and post RT. The 
minimum (nadir) ALC, typically reached at or near the end of the RT 
course, has been found to be associated with outcomes.7,13,18

Figure 1. Flowchart of the proposed deep learning guided lymphopenia mitigation strategy. For each patient, treatment plans of different modalities and techniques 
are created employing SOC dose constraints criteria. The post-treatment ALC nadir values of treatment plans were estimated based on the DL model, and the 
contributions of each dosimetric factor to ALC nadir were determined. Then, additional dose constraints on important dosimetric factors are added, and the SOC 
treatment plans are reoptimized to generate enhanced IMRT and IMPT plans. Abbreviations: ALC, absolute lymphocyte count; IMPT, intensity-modulated proton 
therapy; IMRT, intensity-modulated radiation therapy; and SOC, standard of care.
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The dose volume histograms (DVHs) of the lung, heart, and spleen, 
which, for simplicity, we considered to be the main lymphocyte-rich 
structures, were abstracted from treatment plans used for RT. These are 
certainly not the only structures that may contribute to RIL. Lymph 
nodes, bone marrow, circulating blood, and many other tissues harbor 
large numbers of lymphocytes. However, these tissues are not typically 
contoured as a part of the standard of practice. To approximately make 
up for this limitation, we used body, meaning (whole body excluding 
heart, lungs and speen), as a surrogate for all other lymphocyte-bearing 
structures. This is a simplifying assumption to make the development of 
the model and its clinical applications tractable; however, its validity 
needs to be tested.

All patients were prescribed target biologically effective dose of 
50.4 Gy. Using dosimetric (dose-volume [DV] indices) and pretreat
ment clinical features as input, end-to-end interpretable DL architecture 
was trained to predict post-treatment absolute lymphocyte count nadir 
(ALC nadir). To address complex relationships among predictive fea
tures, the Attentive Interpretable Tabular Learning neural network 
(TabNet) was employed in a self-supervised learning manner to conduct 
pretraining on larger cohort while fine-tuning on specific subset to 
enhance its generalizability and robustness. In internal validation, the 
predictive model surpassed other machine learning models, including 
logistic regression, elastic-net, random forest, support vector machine, 
XGBoost, and CatBoost, in terms of root mean square error of predicted 
values of post-treatment ALC nadir, and achieved mean absolute 
error of 37.4 cells/µL in the test set.

Building upon the foundation of our interpretable DL pipeline, cal
culation of SHapley Additive exPlanations (SHAP) values was in
tegrated to further elucidate the influence of individual predictive 
features on the risk of severe lymphopenia. SHAP values provide a 
rigorous, consistent measure of feature importance by computing the 
marginal contribution of each feature to the prediction across all pos
sible combinations. This is achieved through the construction of a 
coalition of features, where the SHAP value is the average marginal 
contribution of a feature across all permutations of the data set. The 
incorporation of SHAP values in the model offers an explicit quantifi
cation of input feature impact, facilitating a more nuanced under
standing of model predictions. Considering that we can manipulate only 
the dose distributions in radiation treatments, knowledge of SHAP va
lues (ie, quantitative importance) of dosimetric is crucial for de
termining the defining optimization constraints or modifying their 
current values to achieve our objectives.

Lymphopenia mitigation strategy

Figure 1 shows the flowchart of the proposed DL model-guided 
lymphopenia mitigation strategy. The SOC IMRT and PSPT plans, used 

to originally treat the patients, were obtained from the treatment 
planning database. Additional IMRT-SOC plans for the 10 patients 
treated with PSPT were created. For each of the 20 patients, IMPT-SOC 
plans were created employing dose constraints criteria according to 
standard esophagus planning protocol. SOC constraints are given in the 
Supplementary Materials (Table S2). The DVHs of lymphopenia-re
levant structures (lung, heart, spleen, and body) were calculated for 
each plan. The post-treatment ALC nadir values of treatment plans were 
estimated based on the TabNet model described above, and the mag
nitudes of contributions of each dosimetric factor to ALC nadir were 
determined by calculating the SHAP values. For each lymphopenia-re
levant structures, 3 DVH indices with the highest contributions to ALC 
nadirs were selected. Additional dosimetric constraints were imposed 
for the selected DVH indices.

IMRT-SOC and IMPT-SOC treatment plans were then reoptimized to 
generate new plans called IMRT-enhanced and IMPT-enhanced plans. 
The weight of each constraint was set and adjusted by trial and error, 
with the general principle of giving higher priority to the dosimetric 
feature with higher contributions to the G4RIL risk. In addition, we 
ensured that the reoptimization process was done without sacrificing 
SOC constraints for other structures. The optimization process was it
erated several times until the ALC nadir was maximized.

This procedure was applied to all 10 IMRT patients and 10 PSPT pa
tients. For each IMRT patient, we created an enhanced IMRT plan, an SOC 
IMPT plan, and an enhanced IMPT plan. For each PSPT patient, we created 
an SOC IMPT plan and an enhanced IMPT plan. To ensure the IMPT plans’ 
robustness over respiratory motions, 2 posterior beam configurations were 
adopted. The body dose has been found to be highly relevant to lym
phopenia since its potential to represent the dose to the circulating blood 
and other lymphocyte rich structures not explicitly incorporated.29 We, 
therefore, calculated and compared the mean body dose for different 
modalities to investigate the possible lymphocyte-sparing advantage of 
IMPT. In addition, predicted ALC nadir values of SOC and enhanced plans 
were compared. The statistical significance of all comparisons is assessed 
using Wilcoxon signed rank tests at the level of 0.05.

Results

Results of model performance are shown in Figure 2. The TabNet 
model seems to have achieved good performance in predicting the post- 
treatment ALC nadir for both IMRT and PSPT patients. The mean ab
solute difference between of predicted ALC nadir and actual measured 
ALC nadir is 42.6  ±  24.6 and 36.5  ±  20.7 cells/µL for IMRT and PSPT 
cohorts, respectively.

The average measured baseline ALCs for IMRT and PSPT patients 
were 1.9 × 103 and 1.4 × 103 cells/µL, respectively. The average 
measured ALC nadir values for IMRT and PSPT patients were 280 and 

Figure 2. The TabNet model-predicted vs the actual measured post-treatment ALC nadir for (left) IMRT and (right) PSPT patients. Values below the dashed 
horizontal line correspond to grade 4 lymphopenia. Abbreviations: ALC, absolute lymphocyte count; IMRT, intensity-modulated radiation therapy; 
and PSPT, passively-scattered proton therapy.
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247 cells/µL, respectively. The corresponding predicted averages for 
the original treatment plans were 281 and 258 cells/µL, respectively. 
The lower average value for PSPT may seem unexpected but is pre
sumably due to the differences in baseline ALC and age between the 2 
cohorts (see Table S1 in the Supplementary Materials). The selected 
proton patients were older and had lower baseline ALCs.

The Table lists the mean dose statistics for body, lung, heart, and 
spleen for the IMRT and PSPT patient cohorts compared to IMPT plans. 
The IMPT plans show statistically significant improvement of sparing 
on almost all of these structures over original IMRT or PSPT plans, 
except IMPT vs IMRT on spleen sparing is not statistically significant. 
Figure 3 compares the mean body dose among different modalities for 

Table 
Mean dose (Gy) analysis for body, lung, heart, and spleen for 10 IMRT and 10 PSPT patients comparing original plans with IMPT plans. 

Volume of interest IMRT original (min- 
max)

IMPT baseline (min- 
max)

P (IMRT-IMPT) PSPT original (min- 
max)

IMPT baseline (min- 
max)

P (PSPT-IMPT)

Body 13.1 (11.4-15.5) 7.6 (5.9-8.8) .002 8.1 (6.1-10.0) 6.7 (5.1-8.9) .002
Lung 9.6 (5.3-15.3) 4.6 (2.5-7.9) .002 6.9 (1.9-10.3) 4.6 (1.6-7.2) .002
Heart 20.5 (3.9-30.3) 10.7 (2.0-20.0) .002 20.5 (3.9-30.3) 10.7 (2.0-20.1) .002
Spleen 15.4 (0.3-17.3) 10.9 (0-24.7) .064 10.8 (0.3-23.2) 7.8 (0.2-23.4) .014

Abbreviations: IMRT, intensity-modulated radiation therapy; PSPT, passively-scattered proton therapy; and IMPT, intensity-modulated proton therapy.

Figure 3. Mean body doses for esophagus patients: (Left) The original IMRT (same as IMRT-SOC) plans vs IMPT-SOC plans. (Right) PSPT plans vs IMPT-SOC 
plans. Abbreviations: IMPT, intensity-modulated proton therapy; IMRT, intensity-modulated radiation therapy; and SOC, standard of care.

Figure 4. Dose map comparison of 2 example cases over different treatment plans. Abbreviations: IMPT, intensity-modulated proton therapy; IMRT, intensity- 
modulated radiation therapy; PSPT, passively-scattered proton therapy; and SOC, standard of care.
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individual patients. Compared to both IMRT and PSPT plans, the IMPT 
plans showed a significant reduction in mean body doses. For the 10 
IMRT patients, the average mean body doses for the original IMRT 
(IMRT-SOC) plans and newly created IMPT-SOC plans were 13.10 and 
7.62 Gy, respectively. For the 10 PSPT patients, the average mean body 
doses for the original PSPT and IMPT-SOC plans were 8.08 and 6.68 Gy, 
respectively.

Figure 4 shows dose maps of one case each of IMRT and PSPT pa
tients. IMPT achieved a dosimetric superiority over IMRT as well as 
PSPT. The predicted ALC nadir for these patients improved from 152 to 
271 cells/µL for IMRT to IMPT and from 213 to 324 cells/µL for PSPT to 
IMPT. After the DL model-guided reoptimization, ALC nadir values 
further increased to 425 and 399 cells/µL for IMRT and PSPT cases.

Figure 5 compares predicated ALC nadir values for different mod
alities and techniques for all 20 cases. For the 10 IMRT patients, the 
average predicted post-treatment ALC nadir of IMRT original vs IMPT 
SOC was 281 and 351 cells/µL, respectively. For the 10 PSPT patient, 
the average predicted ALC nadir of PSPT original and IMPT SOC was 
258 and 316 cells/µL, respectively. After DL model-guided re
optimization, the average predicted post-treatment ALC nadir of re
optimized IMRT plan (IMRT-enhanced) improved from 281 to 327 
cells/µL. For the IMPT reoptimized plan (IMPT-enhanced), the ALC 
nadir improved from 351 to 392 cells/µL and 316 to 350 cells/µL for 
IMRT and IMPT patient cohorts, respectively. Compared to original 
IMRT or PSPT plans, 90% (18 out of 20) of enhanced plans could 
achieve higher predicted post-treatment ALC nadir, with the average 
improvement of 40.8 cells/µL (20.6%). For 35% (7 out of 20) of the 
patients, G4RIL (ALC nadir < 200 cells/µL) can be improved to G3RIL 
(ALC nadir between 500 and 200 cells/µL). These results suggest there 
is potential of the proposed strategy in sparing the immune system. 
Figure 5 also shows advantages of IMPT compared to IMRT and PSPT in 
terms of higher post-treatment ALC nadir values in almost all selected 
cases.

Discussion

The main goal of this study was to develop a personalized treatment 
optimization strategy for mitigating severe RIL among EC patients 
treated with IMRT or IMPT. Our plan is to evaluate such a strategy in a 
future clinical trial. Specific objectives included1 determining whether 
IMRT and IMPT, optimized incorporating the immune system as an 
organ at risk and guided by an RIL prediction model, can enhance 
immune system sparing without compromising the SOC requirements2; 
evaluating the performance of the machine learning-based RIL pre
dictive model of lymphocyte depletion based on personal clinical 
characteristics of the patient and dosimetric features of the treatment 
plan3; and assessing whether the SOC IMPT, compared to SOC IMRT 

and PSPT, has greater potential to improve immune system sparing. To 
achieve these objectives, we conducted a virtual clinical trial, involving 
20 esophagus cancer patients treated previously with IMRT and PSPT 
(10 each). We found that the model-predicted values of ALC nadir are in 
reasonable agreement with the actual values. Moreover, compact dose 
distributions of SOC-IMPT, compared to SOC-IMRT, led to a consider
able reduction in mean body dose (dose bath), which is likely a major 
factor in the killing of highly radiosensitive lymphocytes circulating in 
the body. Model predictions also showed that the SOC IMPT may lead 
to greater immune sparing compared to SOC IMRT and PSPT.

The translation of the model predictions into quantities that can be 
incorporated into the criteria of IMRT or IMPT optimization employed 
the SHAP values of dosimetric features (DV indices) of the individual 
patient’s SOC IMRT/IMPT plan. The SHAP values indicate the relative 
contribution of each feature to the risk and were used to determine the 
changes in weights of dosimetric constraints or to impose new con
straints. The incorporation of additional dosimetric constraints on 
heart, lungs, spleen, and body, suggested by the model based on the 
importance factors of dosimetric features, led to further improvement 
in sparing for most of the patients.

The present study also showed the potential of using DL-based RIL 
prediction to select radiation modality for individual patients. Eight out 
of the 20 patients in the cohort, that is, patients 5, 7, 8, 9, 10, 15, 17, 
and 18, were predicted to develop G4RIL (Figure 2) if treated with SOC- 
IMRT or PSPT plans. All of them, in fact, did develop G4RIL. In addi
tion, although the predicted ALC nadir for patient 20 was slightly above 
the G4RIL risk threshold, the actual value was slightly below the 
threshold. Based on RIL predictions (Figure 5), G4RIL might be avoided 
for all of these patients if they were treated with IMPT-SOC or IMPT- 
enhanced plans. On the other hand, for patients with a low predicted 
risk of G4RIL with IMRT, such as patients 1 and 2 (Figure 2), there was 
no improvement in predicted ALC nadir with IMPT (Figure 5). In fact, 
SOC-IMPT and enhanced IMPT actually worsened the sparing of the 
immune system. Considering the small sample size, it is not obvious 
why some patients benefit from SOC-IMPT or enhanced IMPT whereas 
others do not. One hint lies in Figure 3 where the use of IMPT for some 
patients treated with IMRT led to a smaller change in mean body dose 
compared to others. Larger penumbrae and uncertainty margins for 
proton beams may negate the benefit of smaller dose baths for a subset 
of patients, for example, patients 1 and 2.

The study has several limitations. One of them is that we used only 
20 patients. One justification for the small number is the fact that such 
studies are intended to compare alternate techniques for the same pa
tient. In other words, there is perfect equipoise in patient character
istics. Another factor is limited resources. We should note that the 
number of patients in our study is larger than 5 to 10 typically used in 
most published treatment planning studies. Small sizes for such studies 

Figure 5. Post-treatment ALC nadir comparison over different treatment plans of 10 IMRT patients (left) and 10 PSPT patients (right). Abbreviations: ALC, absolute 
lymphocyte count; IMPT, intensity-modulated proton therapy; IMRT, intensity-modulated radiation therapy; PSPT, passively-scattered proton therapy; 
and SOC, standard of care.
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are considered adequate, provided the patients are selected to represent 
the widest spectrum of clinical characteristics (eg, ones listed in Table 
S1 of the Supplemental Materials). Nevertheless, in the future, we plan 
to expand this study to at least double the cohort size.

Secondly, while the data-driven model we used is more compre
hensive compared to other models in the literature, as any other model, 
it makes some simplifying assumptions. As mentioned above, for 
practical reasons, it considers only heart, lungs, and spleen explicitly 
and assumes that all other lymphocyte-bearing tissues are uniformly 
distributed in rest of the body. We anticipate that future models will be 
able to explicitly incorporate additional structures relevant to lym
phopenia. In addition, the model is based on full DVHs, whereas the 
planning study is based on one, or a small subset of, DV indices to 
define optimization constraints. DVHs and DV indices have well-known 
limitations. For instance, the DVHs do not account for the spatial dis
tribution of dose. Moreover, a single or a small number of DV con
straints do not represent the clinical effect of the entire DVH. We are 
exploring the use of differential DVHs or the features of dose distribu
tions obtained from voxel-based analysis to overcome this limitation.

Another limitation may be that reoptimization to maximize immune 
sparing, though carried out while ensuring that the SOC constraints 
continue to be met, would, in general, lead to redistribution of dose. For 
instance, dose to volumes and tissues not constrained by the DV indices 
may increase and may not always be acceptable. The clinical team may 
then have to make appropriate compromises.

Such limitations indicate that, while the results of the study are 
encouraging, it is important to assess the validity of the model and 
evaluate effectiveness and utility of the RIL mitigation strategy pro
spectively in a clinical trial. We plan to do so and expect that feedback 
from the trial and from the eventual implementation in clinical practice 
will lead to improvement in the resolution and fidelity of the model.

Conclusions

Our virtual clinical trial for esophagus patients suggests that IMPT 
has the potential to significantly mitigate RIL, an important toxicity 
contributing to poor outcomes. Furthermore, the explicit incorporation 
of personalized dosimetric constraints derived from an RIL prediction 
model in the IMPT and IMRT optimization criteria may further mitigate 
RIL. However, there is a need to prospectively test the validity of the 
model and the potential of the RIL mitigation strategy clinically. There 
is also a need to continually improve the performance of the predictive 
model.
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