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Background: This study focused on minimizing the costs and toxic effects
associated with unnecessary chemotherapy. We sought to optimize the adjuvant
therapy strategy, choosing between radiotherapy (RT) and chemoradiotherapy
(CRT), for patients based on their specific characteristics. This selection process
utilized an innovative deep learning method.

Methods: We trained six machine learning (ML) models to advise on the most
suitable treatment for glioblastoma (GBM) patients. To assess the protective
efficacy of these ML models, we employed various metrics: hazards ratio (HR),
inverse probability treatment weighting (IPTW)-adjusted HR (HR?), the difference
in restricted mean survival time (dRMST), and the number needed to treat (NNT).

Results: The Balanced Individual Treatment Effect for Survival data (BITES) model
emerged as the most effective, demonstrating significant protective benefits
(HR: 0.53, 95% CI, 0.48-0.60; IPTW-adjusted HR: 0.65, 95% CI, 0.55-0.78;
dRMST: 7.92, 95% ClI, 7.81-8.15; NNT: 1.67, 95% Cl, 1.24-2.41). Patients whose
treatment aligned with BITES recommendations exhibited notably better survival
rates compared to those who received different treatments, both before and
after IPTW adjustment. In the CRT-recommended group, a significant survival
advantage was observed when choosing CRT over RT (p <0.001). However,
this was not the case in the RT-recommended group (p = 0.06). Males, older
patients, and those whose tumor invasion is confined to the ventricular system
were more frequently advised to undergo RT.

Conclusion: Our study suggests that BITES can effectively identify GBM patients
likely to benefit from CRT. These ML models show promise in transforming the
complex heterogeneity of real-world clinical practice into precise, personalized
treatment recommendations.
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Introduction

Glioblastomas (GBM), the most prevalent and lethal malignant
brain tumors in adults (1), have a dire 5years survival rate of
merely 6.8% (2). Despite extensive research, survival rates for
central nervous system malignancies have not significantly
improved, underscoring the need for enhanced therapeutic
approaches (1, 3).

While promising therapies like monoclonal antibodies (4),
immunotherapy (5), and oncolytic viruses are under investigation (6),
their clinical efficacy requires further validation (7), and traditional
treatments—surgical resection followed by radiotherapy (RT) or
chemoradiotherapy (CRT)—prevail (8). RT, a mainstay in GBM
management, aims to boost local control and overall survival and
continues to be a critical treatment modality (9). CRT, which was
shown in 2005 to increase 2 years median survival to 26.5% compared
to RT alone’s 10.4% (10), has become a standard GBM treatment.
However, adjuvant chemotherapy’s (CT) toxicities, such as nausea and
myelosuppression, are notable, especially during adjuvant treatment
(8), and its effectiveness varies among patients with differing features
(11, 12). CRT’s associated toxicity may not be tolerable for elderly
patients, rendering it more appropriate for fit individuals under 70 (10,
13). Consequently, optimizing adjuvant therapy based on patient
characteristics to reduce treatment costs and toxicity is a
critical concern.

The traditional method of addressing this involves stratifying
GBM patients into subgroups based on their characteristics and
conducting randomized controlled trials (RCTs) in each subgroup
to evaluate RT versus CRT. However, RCTs are always time-
consuming and costly, and thus difficult to recruit a large number of
patients in real-world applications (14). Moreover, implementing
RCTs may face ethical constraints, as it is very challenging to assign
a sole RT treatment to patients, especially when existing evidence
suggests that CRT prolongs patients’ survival, and when there is a
lack of clear evidence regarding which features potentially affect the
efficacy of conjoint CT treatment. Instead of RCTs, observational
evidence, therefore, becomes an attractive alternative. Yet,
determining whether a patient experiences improved survival when
treated with CRT rather than RT poses certain challenges. This is
primarily due to the fact that a patient cannot simultaneously receive
both treatments, and confounding variables are prevalent in
observational studies (15). Benefitting from advances in machine
learning (ML) and statistical theories, we can use balanced
representation-based (16), tree-based (17), and conditional average
treatment effect (CATE)-based (18, 19) methods to counterfactually
infer patients’ individual treatment effect (ITE) directly from
observational data and thus attempt identify the relatively optimal
treatment choice for specific individuals. With the development of
deep learning (DL) and representation learning, novel techniques
enable combining DL with survival models and learning balanced
representations directly from the data to reason about unbiased
counterfactual survival outcomes (20).

This study therefore used a novel DL model to analyze the ITE of
GBM patients to infer potential survival improvements (e.g., survival
time and survival probability) CRT could offer over RT for individual
patients. The interpretations of the DL model are expected to yield
features relevant to treatment selection and provide a priori evidence
for subsequent prospective studies.
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Materials and methods
Study design

This was a retrospective cohort study that used the state-of-the-art
DL approach to counterfactually predict the ITE of patients with GBM
to determine whether an individual is better suited to receive RT or
CRT. All participants included in this study were selected from the
Surveillance, Epidemiology, and End Results 18 (SEER 18) database,
which tracks patients with cancer from 18 regions of the United States,
and the population in SEER 18 represents approximately 27.8% of the
US population (21). The patients and treatments included in this study
therefore very closely resemble real-world distributions. This study
followed the Strengthening the Reporting of Observational Studies in
Epidemiology reporting guidelines (22).

The inclusion criteria were as follows: (1) patients diagnosed with
GBM as primary cancer from 2005 to 2015, and (2) patients who received
post-operative RT or CRT. The sequence of operation on CT is not
provided by SEER; hence, no constraints are placed on its order. The
exclusion criteria were as follows: (1) age < 18years; (2) unknown tumor
location, size, or laterality; (3) unknown whether the surgery had been
performed or the surgery type; (4) unknown sequence of surgery and RT;
(5) unknown survival time; (6) repeat admissions; (7) unknown patients’
demographic information; and (8) unknown RT modality. The
comprehensive procedure for incorporating the study population is
depicted in Figure 1A. We collected patients’ baseline demographic
information (sex, age, marital status, living area, economic status, and
reporting state), information related to the tumor (tumor size, primary
location, laterality, extension, and metastasis), and treatment details [i.e.,
the extent of resection (EOR) and adjuvant treatments]. Tumor size was
recorded at the time of diagnosis and referred to as tumor diameter.
We defined the outcome of interest as brain cancer-specific survival
(BCSS), which is the time interval between the diagnosis of GBM and the
final death caused by the brain tumor.

Machine learning algorithm

Unbalanced features between treatment groups in observational
studies exist due to the presence of confounding factors and treatment
selection bias (23). The CATE-based method, by splitting the entire
group into homogenous subgroups, is a representative method to
adjust for confounders and selection bias. Ideally, in each treatment
arm, patients are similar under certain measurements over the
covariates; therefore, the participants in the same subgroup can
be viewed as samples under RCT. The two-learner (T-learner) trains
an ML model in each of the two treatment populations separately.
Each model represents a hypothesis of treatment during reasoning
and yields the CATE. A schematic diagram of the T-learner is
presented in Figure 1B.

T-learner excludes some confounding artifacts; however, it can
still be affected by inconsistent predictive performance and biased
treatment allocation (14). To address this issue, we utilized Balanced
Individual Treatment Effect for Survival data (BITES) (20), one of the
recently proposed DL models capable of making individual-level
causal inferences, so as to predict each patient’s ITE and to make
treatment recommendations for GBM patients (24). BITES combines
both representation-based and CATE-based causal inference methods,
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chemoradiotherapy; CATE, conditional average treatment effect.

Flowchart of patient inclusion and schematic diagram of the model structure. (A) Flowchart of patient inclusion. (B) Schematic diagram of balanced
individual treatment effect for survival data model. (C) Schematic diagram of T-learner. IPM, integral probability metrics; RT, radiotherapy; CRT,

therefore providing more unbiased ITE inferences. The network
structure of the BITES is presented in Figure 1C. BITES contains a
shared network used for feature extraction and distribution balancing
and two risk networks that each represent a specific treatment
population. Balancing the generating distributions of treatment
groups has been proven to be effective for both covariate space (25)
and latent representations (26). Thus, BITES uses integral probability
metrics (IPM) to quantify and maximize the difference in probability
measures between different treatment populations (27). At the same
time, a similar structure to the T-learner was achieved by feeding the
potential features of patients receiving different treatments into the
corresponding risk networks. However, unlike the T-learner, which
trains two different models, the BITES model is trained end-to-end.

Cox mixtures with heterogeneous effects (CMHE) is a recently
proposed DL model that extends the Cox proportional hazards model
(CPH) with the effect of confounders and treatment (28). The CPH
assumes that individuals across the population have constant
proportional hazards over time, which is a strong assumption. CMHE
assumes that latent clusters with different risk groups exist, and the
proportional hazards assumption holds within each latent cluster,
called the conditional proportional hazards assumption. CMHE uses
the stochastic expectation maximization algorithm to balance the
generating distributions of risk groups (29). DeepSurv (30) is a
semiparametric model that replaces the linear model of CPH with
multilayer perceptron.

The training and inference of CPH, DeepSurv, survival tree (ST),
and random survival forest (RSF) were in the same format as
T-learner, while BITES and CMHE were used in the same way as
presented in the original paper.

Inference of individual treatment effect

For the ITE estimation, there are two possible treatments, RT and
CRT, while only a single factual can be observed and the alternative
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situation is missing. Let the ITE of individual i be defined as
ITE; = Y; (X i|do 1) -Y; (X i|do O) where do 1 indicates the situation in
which a patient received CRT, do 0 indicates the situation in which a
patient received RT, and Y is the outcome. In time-to-event prediction,
the outcome measurements vary (31, 32). We defined the outcome as
the length of time that an individual patient’s mortality reached 50%
from the beginning.

After
recommendations from the model. We further divided the patients

comparing ITE, we can obtain individualized
into consistent (Consis.) and inconsistent (Inconsis.) groups based on
whether the actual treatment they received was consistent with the

model recommendations.

Model training, validation, and
interpretation

We allocated 80% of the overall patients as the training set for
model development and the remaining 20% as the testing set, unseen
from the models during the training process, for performance
evaluation. For training, we utilized 3-fold cross-validation that trains
on two-thirds of the training set and validates the remaining training
set. We used decoupled weight decay regularization (33) to optimize
the model parameters.

We calculated the concordance index (C-index) and integrated
Brier score (IBS) as regular discrimination performance metrics.
We used the hazard ratio (HR), the difference in restricted mean
survival time (dRMST), and number needed to treat (NNT) to
evaluate the recommendation effect. We also used inverse probability
treatment weighting (IPTW)-adjusted HR (HR®), which was adjusted
for all the covariates, to provide a more causal inference for the
recommendation effect.

SurvSHAP(t) (34) is a recently proposed time-dependent
explainability of any survival model prediction that is based on
SHapley Additive exPlanations (SHAP) with solid theoretical
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foundations (35). SurvSHAP(t) satisfies the local accuracy property
and accurately explains the predictions of the model in the form of a
survival function, describing varying contributions across the entire
range of times analyzed.

Statistical analysis

R 4.1.3 and Python 3.8 were used for statistical analyses.
Continuous variables are reported as the median and interquartile
range (IQR), and categorical variables are presented as counts and
percentages (%). Kaplan-Meier (K-M) curves were compared using
the log-rank test. The chi-square test was used to compare the
categorical variables. The NNT was defined as the restricted mean
survival time (RMST) in the Consis. group divided by the dRMST
between the Consis. and Inconsis. groups up to a chosen time of
5years, which was proposed by Yang and Yin (36).

Results

Demographic and clinicopathological
characteristics

A total of 20,443 patients with complete BCSS records were
included in this study, with a median follow-up time of 12 (6-21)
months and an overall BCSS mortality rate of 75.9% [95% confidence
interval (CI): 75.3-76.5%]. The median age was 62 (54-70) years, and
40.6% of patients were male. Among the tumor-related variables, the
sites with the highest incidence of tumors in the total population were
the frontal [6,344 (31.0%)], temporal [6,146 (30.1%)], and parietal
[3,596 (17.6%)]. All patients underwent surgery for primary cancer.
The extent of resection can range from biopsy [3,984 (19.5%)] to
subtotal resection (STR) [4,864 (23.8%)], gross total resection (GTR)
[5,869 (28.7%)], and supratotal resection (SpTR) [5,726 (29.0%)].

The detailed baseline clinical characteristics of those who
underwent RT and those who underwent CRT are presented in
Table 1. Among them, 2,089 (10.2%) patients received RT, and 18,354
(89.8) patients received CRT. The mortality rate of BCSS in the RT
group was significantly higher than that in the CRT group (80.4% vs.
75.4%, p <0.001).

Model performance and treatment
recommendation

The detailed model performance and treatment recommendation
effect are presented in Table 2. In the RT group, CMHE had the
highest C-index (0.63, 95% CI: 0.62-0.65), followed by CPH (0.60,
95% CI: 0.57-0.64) and RSF (0.58, 95% CI: 0.55-0.63). ST had the
lowest C-index (0.53, 95% CI: 0.50-0.56). BITES did not achieve a
high C-index (0.55, 95% CI: 0.51-0.58), but had the best IBS (0.05,
95% CI: 0.04-0.07), which indicates a better probabilistic fit for
survival. CMHE ranked second (0.06, 95% CI: 0.04-0.07), and CPH
ranked third (0.07, 95% CI, 0.06-0.09) for IBS. The IBS of the ST in
the RT group was significantly worse than that in the other models
(0.12, 95% CI: 0.10-0.14). In the CRT group, CPH had the best
C-index (0.64, 95% CI: 0.63-0.65), followed by CMHE (0.63, 95% CI:
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TABLE 1 Baseline demographic and tumor-related information.

Adjuvant Adjuvant
radiotherapy chemoradiotherapy
(n=2,086) (n =18,354)

Age, median
(range),y 69 (58-76) 61 (53-69)
Tumor size, median
(range), mm 45 (33-56) 45 (32-56)
Married 1,258 (60.2) 12,647 (68.9)
Urban 1,837 (87.9) 16,242 (88.5)
Sex

Female 903 (43.2) 7,401 (40.3)

Male 1,186 (56.8) 10,953 (56.7)
Race

White 1,851 (88.6) 16,460 (89.7)

Other 238 (11.4) 1,894 (10.3)
Area of US

Midwest 1,257 (60.2) 11,880 (64.7)

East 417 (20.0) 3,173 (17.3)

South 403 (19.3) 3,141 (17.1)

Oversea 12 (0.6) 160 (0.9)
Income (US dollar)

Lower than

$55,000 553 (26.5) 4,878 (26.6)

Higher than

655,000 1,536 (73.5) 13,476 (73.4)
Location

Frontal 618 (29.6) 5,726 (31.2)

Temporal 632 (30.3) 5,512 (30.0)

Parietal 336 (17.5) 3,230 (17.6)

Occipital 85 (4.1) 902 (4.9)

Cerebellum 21(1.0) 125 (0.7)

Cerebrum 49 (2.3) 337 (1.8)

Brainstem 4(0.2) 31(0.2)

Ventricle 5(0.2) 41(0.2)

Overlapping 307 (14.7) 2,450 (13.3)
Laterality

Left 842 (40.3) 8,005 (43.6)

Mid 248 (11.9) 1,459 (7.9)

Right 999 (47.8) 8,890 (48.4)
Tumor extension

Confined 1,776 (85.1) 15,738 (85.7)

Ventricular system 56 (2.7) 487 (2.7)

Midline 254 (12.2) 2,129 (11.6)
Metastasis

Yes 571(27.3) 6,101 (33.2)
Brain cancer-specific survival

Censored 409 (19.6) 4,510 (24.6)

Dead 1,680 (80.4) 13,844 (75.4)
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TABLE 2 Model performance and recommendation effect.

10.3389/fneur.2024.1326591

Model HR HR? dRMST NNT C-index® IBSP C-index® 1BS¢©
BITES 0.53 (0.48- 0.65(0.55- | 7.92(7.81-8.15)  1.67 (1.24- 0.55 (0.51-0.58) 0.05 (0.04- 0.62 (0.60-0.63) 0.08 (0.07-
0.60) 0.78) 2.41) 0.07) 0.09)
CMHE 0.55 (0.49- 0.69 (058- | 7.39 (5.62-9.16) 1.85 (1.34- 0.63 (0.62-0.65) 0.06 (0.04- 0.63 (0.63-0.64) 0.08 (0.07-
0.62) 0.81) 2.78) 0.07) 0.08)
DeepSury 0.68 (0.62- 0.80 (0.68- | 5.10 (4.98-5.26) 3.16 (2.28- 0.55 (0.52-0.58) 0.08 (0.06- 0.63 (0.62-0.64) 0.11 (0.10-
0.75) 0.93) 4.85) 0.10) 0.11)
CPH 0.54 (0.48- 0.66 (0.56- | 7.63(7.50-7.81) 1.76 (1.28— 0.60 (0.57-0.64) 0.07 (0.06- 0.64 (0.63-0.65) 0.08 (0.07-
0.61) 0.79) 2.65) 0.09) 0.08)
ST 0.94 (0.88- 0.96(0.89- | 0.83(0.73-0.95) | 23.51(9.43- 0.53 (0.50-0.56) 0.12 (0.10- 0.54 (0.53-0.55) 0.15 (0.14-
1.01) 1.03) 55.56) 0.14) 0.16)
RSF 0.58 (0.52- 0.66 (057 | 7.13(5.67-8.97) 1.97 (1.45- 0.58 (0.55-0.63) 0.08 (0.06- 0.62 (0.61-0.63) 0.09 (0.08-
0.64) 0.77) 2.90) 0.09) 0.09)

BITES, balanced individual treatment effect for survival data; CMHE, Cox mixtures with heterogeneous effects; CPH, Cox proportional hazards model; ST, survival tree; RSF, random survival
forest; HR, hazards ratio; HR?, inverse probability treatment weighting adjusted HR; dRMST, the difference in 5years restricted mean survival time; NN'T, number needed to treat; C-index,
concordance index; IBS, integral Brier score; b the indicator of radiotherapy group; ¢, the indicator of chemoradiotherapy group. Bolded values indicate the best performance of the model in

this metric.

0.63-0.64), DeepSurv (0.63,95% CI: 0.62-0.64), BITES (0.62, 95% CI:
0.60-0.63), and RSF (0.62, 95% CI: 0.61-0.63). There is no significant
difference in the C-index of the above models. CMHE achieved the
best IBS (0.08, 95% CI: 0.07-0.08), followed by BITES (0.08, 95% CI:
0.07-0.09) and CPH (0.08, 95% CL: 0.07-0.08). Both the IBS and
C-index of ST in the CRT group were significantly worse than those
in the other models (C-index: 0.54, 95% CI, 0.53-0.55; IBS: 0.15, 95%
CIL, 0.14-0.16).

BITES referred 4,034 (98.7%) patients for CRT treatment and 55
(1.3%) for RT only; 450 (11.0%) patients were in the Inconsis. group.
CMHE referred 18 (0.5%) patients for RT treatment, and 439 (10.7%)
were in the Inconsis. group. DeepSurv referred 414 (10.1%) patients
for RT treatment, while 723 (17.7%) patients were in the Inconsis.
group. ST recommended 1,463 (35.8%) patients for RT treatment, and
2,467 (60.3%) were in Consis. group. CPH referred all patients for
CRT treatment, and 425 (10.4%) of patients were in the Inconsis. group.

HR® indicated the HR value adjusted for all covariates included in
this study using IPTW. The protective effect of BITES is the strongest
of all models both before and after the correction (HR: 0.53, 95% CI,
0.48-0.60; HR* 0.65, 95% CI, 0.55-0.78; dRMST: 7.92, 95% CI, 7.81-
8.15), followed by CPH (HR: 0.54, 95% CI: 0.48-0.61; HR* 0.66, 95%
CI, 0.56-0.79; dRMST: 7.63, 95% CI, 7.50-7.81), CMHE (HR: 0.55,
95% ClI, 0.49-0.62; HR* 0.69, 95% ClI, 0.58-0.81; dRMST: 7.39, 95%
CI, 5.62-9.16), RSF (HR: 0.58, 95% CI, 0.52-0.64; HR* 0.66, 95% CI,
0.57-0.77; dRMST: 7.13, 95% CI, 5.67-8.97), and DeepSurv (HR: 0.68,
95% ClI, 0.62-0.75; HR* 0.80, 95% ClI, 0.68-0.93; dRMST: 5.10, 95%
CI, 4.98-5.26). The HR and HR® of ST did not show statistically
significant protective effects (HR: 0.94, 95% CI, 0.88-1.01; HR® 0.96,
95% CI, 0.89-1.03), while the 5years dRMST showed a slight
protective effect (0.83, 95% CI: 0.73-0.95). The NNT measures the
number of patients who need to change their treatment based on
model recommendations to prevent BCSS events within 5years. In the
same trend, BITES had the best NNT (1.67, 95% CI: 1.24-2.41), which
was significantly better than that of DeepSurv (3.16, 95% CI: 2.28-
4.85) and ST (23.51, 95% CI: 9.43-55.56), followed by CPH (1.76, 95%
CI: 1.28-2.65), CMHE (1.85, 95% CI: 1.34-2.78), and RSF (1.97, 95%
CI: 1.45-2.90).

In addition, we presented the K-M curves (p <0.001; IPTW-
adjusted p =0.016) of Consis. and Inconsis. groups of BITES in
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Figure 2A. We then divided the patients into recommended RT (RRT)
and recommended CRT (RCRT) groups according to the
recommendations of the model and evaluated the treatment effect of
RT and CRT within each group. The K-M curves of the RT and CRT
groups in the RRT group are presented in Figure 2B, in which CRT
did not show a statistically significant survival advantage (p =0.06).
However, in the RCRT group, CRT showed significant BCSS benefits
(p <0.001), which is presented in Figure 2C.

Model recommendation behavior

We used the odds ratio (OR) obtained by multivariate logistic
regression to explain the differences in characteristics between the
RRT and RCRT groups generated by BITES, which is presented in
Figure 2D. The presence of an OR smaller than 1 could be interpreted
as a feature that might lead the model to be more likely to recommend
this patient for RT treatment. We only showed the variables that
guided the model to recommend RT and those with point estimates
of OR value less than 1, as other variables can be considered more
likely to guide the model to recommend CRT and were outside the
scope of this study.

According to the OR values, patients who were males (0.36, 95%
CI: 0.16-0.80), of advanced age (0.67, 95% CI: 0.61-0.72), and with
tumor invasion confined to the ventricular system (0.10, 95% CI:
0.01-0.92) were more likely to be recommended for RT. Other factors
that may lead to RT being recommended include being married (0.97,
95% CI: 0.43-2.14), tumor located in the temporal lobe (0.36, 95% CI:
0.09-1.28), mid (0.28, 95% CI: 0.07-1.04), across the midline (0.17,
95% CI: 0.03-1.04), tumor with larger size (1.00, 95% CI: 0.99-1.00),
with metastasis (0.88, 95% CI: 0.16-4.69), having undergone biopsy
(0.94, 95% CI: 0.38-2.34) and STR (0.77, 95% CI: 0.29-2.06).

Model interpretation

Figure 3A shows the aggregation of variable rankings over 200
observations in the treatment recommendation testing set in the
BITES, and for simplicity, Figure 3B visualizes the eight most
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FIGURE 2
Visualizations of recommendation effects and behavior. (A) The K-M curves of Consis. and Inconsis. group. (B) The K-M curves of radiotherapy (RT)
and chemotherapy (CRT) group in recommended RT group. (C) The K-M curves of radiotherapy (RT) and chemotherapy (CRT) group in
recommended CRT group. (D) The odds ratio of BITES recommendation behavior. IPTW, inverse probability treatment weighting; STR, subtotal
resection.

important variables sorted by aggregated SHAP values over 500
observations in the same manner. The horizontal bars represent the
number of observations for which the importance of the variable,
represented as a given color, was ranked as first, second, and so on.
Notably, CRT in BITES was a sign of passing through different risk
networks and using different baseline hazards rather than a
regular variable.

Having undergone SpTR was deemed the most important
prognostic factor by 165 observations, followed by being married and
having undergone GTR. Voted by the majority, race was the second
most important variable, marriage was the third, GTR was the fourth,
and sex was the fifth.

Discussion

The trajectory of GBM is characteristically rapid and dire, with a
survival rate of about 25% at 2 years post-diagnosis and 5%-10% at
5years (37). In 2005, a phase 3 clinical trial showed that CRT can lead
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to longer survival versus RT alone (10). However, despite evidence
that CRT shows promise survival of 10 to 14 months (38), the high
incidence of treatment-related toxicities in up to 60% of patients
receiving CRT necessitates a cautious approach, especially for certain
demographics like older patients with limited life expectancy (39, 40).
This situation underscores the importance of patient-specific
treatment selection to avoid unnecessary toxicity. For instance,
identifying patients who are better suited for RT, based on individual
characteristics, can significantly mitigate the risk of adverse
treatment effects.

In the context of individualized treatment recommendations for
GBM, methodologies such as T-learner and representation-based
methods have been introduced to infer counterfactual outcomes.
However, in the field of medicine, there is a lack of extensive
discussion and comparison of these models, especially in their
statistical approaches and ITE calculation methods (41, 42). Our
study addresses this gap by evaluating the BITES model against
traditional T-learner and other machine learning-based methods,
revealing the former’s superior performance in the GBM domain.
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Model interpretation based on SurvSHAP(t). (A) Ranking the importance of all variables. (B) Ranking the importance of the top 8 important variables.
CRT, chemoradiotherapy; STR, subtotal resection; GTR, gross total resection; SpTR, supratotal resection.

We believe that there are three possible reasons for the performance
enhancement. First, the end-to-end training approach makes the
model’s predictive ability consistent. Second, the deeper shared
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network, replacing a single-layer model with a multilayer
perceptron, and training approach with small batches of data (43)
allows for enhanced feature extraction ability. Finally, the strategy
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of representation balancing further reduces the selection bias
(25, 26).

In the inference of ITE, the central question we focused on was:
“How much will a specific patient'’s BCSS outcome improve when
he or she receives CRT instead of RT?” We used HR, HR? dRMST,
and NNT as our core performance metrics because they directly
reflect a better survival outcome in the treatment recommendation
task and are statistically guaranteed by well-established statistical
methods (44). Among all models, the recommendation of BITES
provided the strongest protective factor. Patients whose actual
treatments were consistent with model recommendations can reduce
the risk of mortality by 47% and have an average of 7.92 months of
additional BCSS over 5years. After ruling out the potential of
confounding and selection bias, the HR* was still statistically
significant. In average life gain analysis (36), 1.67 patients change
treatment according to BITES recommendation can prevent an extra
event in comparison with not following recommendation during the
5years follow-up, which is estimated by the K-M method. Although
CPH recommended CRT for all patients, this action resulted in a
weaker protective effect than BITES, and the point estimates of all
indicators of CPH were worse than those of BITES. This phenomenon
suggested the significance of identifying specific populations that are
more suitable for RT. The test of the K-M curves found a nonsignificant
survival advantage for CRT in the RRT group (p =0.06) and a
significant survival advantage for CRT in the RCRT group (p <0.001),
indicating that the therapeutic effect of CRT is not superior to that of
RT in the RRT group. The IPTW-adjusted log-rank test was not used
to evaluate the treatment effect of CRT because potential differences
in treatment effects may be due to patient characteristics. As the SEER
database does not provide information on the response to CT, we were
unable to evaluate the side effects of CRT on these patients.
We recommend that patients in the RRT group be given preference
for RT, as it may help to avoid the potential toxicity of CT that patients
would endure.

Several studies have discussed that people of advanced age should
probably not receive CRT (13, 40, 45, 46), and this research has
produced more quantitative findings (OR of age: 0.67, 95% CI: 0.61-
0.72). Our results also suggested that male sex (0.36, 95% CI: 0.16—
0.80) and tumor invasion confined to the ventricular system (0.10,
95% CI: 0.01-0.92) were factors that led patients to be more likely
recommended for RT. Metabolic and endocrine differences due to
gender may be responsible for this outcome (47), which warrants
further research. The model we built was highly interpretable by using
SurvSHAP(t). The results reflected the prognostic predictive value of
the EOR in GBM patients, which has been confirmed in several
studies (48, 49). Additionally, the significance of the partial
demographic and tumor-related information we identified aligns with
previous clinical experience and evidence (50-53). An exception is the
marital status of patients, as one prior study emphasizes that married
patients might experience more beneficial treatment effects from
aggressive CRT as opposed to RT alone (54).

Our model (BITES) may serve as a useful analytical tool for
treatment recommendation in patients with GBM, given its evidence
of the significant prognostic benefits of following the treatment
recommendation, which clearly outweigh those associated with not
following the recommendation. To facilitate discussion of different
potential treatment options, physicians and patients need an
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informative tool that focuses on survival benefits. In real cases, the
establishment of a treatment recommendation system based on DL
models will be key to effectively conveying results and illustrating
complex analyses, including prognostic prediction, treatment
recommendation to patients and family members, and improving the
physicians’ understanding of the treatment benefits (55, 56).

From a clinical standpoint, the findings of our study and
capabilities of the BITES model present a transformative approach in
the management of GBM patients. The clinical landscape of GBM is
marked by the diverse responses of patients to standard treatments
and severe morbidity often associated with more aggressive therapies.
Our model’s insights into these dynamics are vital for advancing
clinical practices in treating this challenging condition. The BITES
model’s ability to accurately predict the most suitable treatment
modality for each patient is a significant clinical advancement. While
CRT offers a survival benefit, its effectiveness is often overshadowed
by severe toxicities, which are particularly detrimental in vulnerable
groups such as the elderly or those with pre-existing comorbidities
(10, 57). BITES addresses this by aiding clinicians in making informed
decisions, balancing the potential benefits of aggressive treatment
against the associated risks, and thereby enhancing patient outcomes
as much as possible.

A crucial aspect of the BITES model is its emphasis on
demographic factors like age and gender, which play a significant role
in determining treatment efficacy. This aligns with recent research
suggesting that gender-based metabolic differences can influence
treatment responses (45). By identifying patients more likely to benefit
from RT over CRT, the model not only helps in reducing the incidence
of treatment-related adverse effects but also promotes the principles
of precision oncology and patient-centric care. This is particularly
relevant in the current clinical context, where the quality of life is
increasingly recognized as a critical outcome in GBM management
(58). However, integrating Al-driven tools like BITES into clinical
practice involves navigating complex ethical, logistical, and
educational challenges. Future research should focus on validating
these insights through clinical trials and exploring the models
applicability in diverse patient cohorts. This will ensure its reliability
and generalizability in practical clinical settings.

In summary, from the perspective of clinical practice, the BITES
model marks a significant step forward in personalized GBM
management. It promises to refine treatment decisions, reduce
toxicity, and improve overall patient outcomes, heralding a new era in
individualized and effective GBM therapy.

Limitations

This study has several limitations. We have categorized the main
deficiencies into two aspects: (1) the lack of information on treatment
and (2) the lack of information related to tumors. Due to database
limitations, we were unable to extract the information regarding
therapeutic doses used by patients and the drugs used for CT, which
is important (59). We also lacked some key information, such as IDH
mutation and Karnofsky performance status. Meanwhile, it is also
crucial to verify the reliability of the model through the
implementation of a blinded prospective study so that this model can
be used with confidence in clinical practice. Finally, it is difficult to

frontiersin.org


https://doi.org/10.3389/fneur.2024.1326591
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org

Zhu et al.

avoid having the training and testing sets come from the same
database, which may reduce the generalizability of the DL models.
Subsequent studies should validate these models on real-world clinical
data. However, we presented meaningful results based on the available
variables, which could narrow the scope for subsequent research, and
provided evidence for the feasibility of DL modeling for
such applications.

Conclusion

In this cohort study, several machine learning models predicted
which patients with GBM would benefit from receiving CRT. Although
such models are naturally opaque, some techniques can help us
understand their behavior. Future studies will need to confirm the
validity of these models and findings, and further analysis with more
comprehensive clinical data not captured in the SEER may result in
predictions that are even more accurate. BITES has the potential to
distill the complex heterogeneity of real-world practice into
meaningful recommendations for true precision medicine.

Data availability statement

The original contributions presented in the study are included in
the article/supplementary material, further inquiries can be directed
to the corresponding authors.

Ethics statement

Ethical approval was not required for the study involving humans
in accordance with the local legislation and institutional requirements.
Written informed consent to participate in this study was not required
from the participants or the participants’ legal guardians/next of
kin in accordance with the national legislation and the
institutional requirements.

References

1. Ma R, Taphoorn MJB, Plaha P. Advances in the management of glioblastoma. J
Neurol Neurosurg Psychiatry. (2021) 92:1103-11. doi: 10.1136/jnnp-2020-325334

2. Wen PY, Weller M, Lee EQ, Alexander BM, Barnholtz-Sloan JS, Barthel FP, et al.
Glioblastoma in adults: a Society for Neuro-Oncology (SNO) and European Society of
Neuro-Oncology (EANO) consensus review on current management and future
directions. Neuro-Oncology. (2020) 22:1073-113. doi: 10.1093/neuonc/noaal06

3. Rachet B, Mitry E, Quinn M]J, Cooper N, Coleman MP. Survival from brain
tumours in England and Wales up to 2001. Br J Cancer. (2008) 99:598-S101. doi:
10.1038/s].bjc.6604603

4. Garcia J, Hurwitz HI, Sandler AB, Miles D, Coleman RL, Deurloo R, et al.
Bevacizumab (Avastin™ ) in cancer treatment: a review of 15 years of clinical experience
and future outlook. Cancer Treat Rev. (2020) 86:102017. doi: 10.1016/j.ctrv.2020.102017

5. Lim M, Xia Y, Bettegowda C, Weller M. Current state of immunotherapy for
glioblastoma. Nat Rev Clin Oncol. (2018) 15:422-42. doi: 10.1038/s41571-018-0003-5

6. Pol JG, Marguerie M, Arulanandam R, Bell JC, Lichty BD. Panorama from the
oncolytic virotherapy summit. Mol Ther. (2013) 21:1814-8. doi: 10.1038/mt.2013.207

7. Carlsson SK, Brothers SP, Wahlestedt C. Emerging treatment strategies for
glioblastoma multiforme. EMBO Mol Med. (2014) 6:1359-70. doi: 10.15252/
emmm.201302627

8. Tan AC, Ashley DM, Lépez GY, Malinzak M, Friedman HS, Khasraw M.
Management of glioblastoma: state of the art and future directions. CA Cancer J Clin.
(2020) 70:299-312. doi: 10.3322/caac.21613

Frontiers in Neurology

10.3389/fneur.2024.1326591

Author contributions

EZ: Conceptualization, Formal analysis, Investigation, Project
administration, Visualization, Writing - original draft. JW:
Conceptualization, Formal analysis, Investigation, Visualization,
Writing - original draft. WS: Data curation, Formal analysis,
Investigation, Validation, Writing - original draft. QJ: Data curation,
Formal analysis, Methodology, Writing - original draft. PA:
Conceptualization, Data curation, Formal analysis, Methodology,
Writing - original draft. DS: Conceptualization, Funding acquisition,
Supervision, Validation, Writing - review & editing. ZA: Funding
acquisition, Project administration, Resources, Supervision, Writing
- review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This work was
supported by the Medical discipline Construction Health Committee
of Project of Pudong Shanghai (Grant No.: PWYgV2021-02).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

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.

9. van Solinge TS, Nieland L, Chiocca EA, Broekman MLD. Advances in local therapy
for glioblastoma - taking the fight to the tumour. Nat Rev Neurol. (2022) 18:221-36. doi:
10.1038/s41582-022-00621-0

10. Stupp R, Mason WP, van den Bent MJ, Weller M, Fisher B, Taphoorn MJB, et al.
Radiotherapy plus concomitant and adjuvant temozolomide for glioblastoma. N Engl J
Med. (2005) 352:987-96. doi: 10.1056/NEJMoa043330

11. Hegi ME, Diserens AC, Gorlia T, Hamou MF, de Tribolet N, Weller M, et al.
MGMT gene silencing and benefit from temozolomide in glioblastoma. N Engl ] Med.
(2005) 352:997-1003. doi: 10.1056/NEJMoa043331

12. Villalva C, Cortes U, Wager M, Tourani JM, Rivet P, Marquant C, et al. O6-
methylguanine-methyltransferase (MGMT) promoter methylation status in glioma
stem-like cells is correlated to temozolomide sensitivity under differentiation-promoting
conditions. Int ] Mol Sci. (2012) 13:6983-94. doi: 10.3390/ijms13066983

13. McBain C, Lawrie TA, Rogoziniska E, Kernohan A, Robinson T, Jefferies S.
Treatment options for progression or recurrence of glioblastoma: a network meta-
analysis. Cochrane Database Syst Rev. (2021) 2021:CD013579. doi: 10.1002/14651858.
CD013579.pub2

14.Yao L, Chu Z, Li S, Li Y, Gao J, Zhang A. A survey on causal inference. ACM Trans
Knowl Discov Data. (2020) 15:1-46. doi: 10.1145/3444944

15. Schwab P, Linhardt L, Bauer S, Buhmann JM, Karlen W. Learning counterfactual
representations for estimating individual dose-response curves. Assoc Adv Artif Intell.
(2019) 34:5612-9. doi: 10.1609/aaai.v34i04.6014

frontiersin.org


https://doi.org/10.3389/fneur.2024.1326591
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://doi.org/10.1136/jnnp-2020-325334
https://doi.org/10.1093/neuonc/noaa106
https://doi.org/10.1038/sj.bjc.6604603
https://doi.org/10.1016/j.ctrv.2020.102017
https://doi.org/10.1038/s41571-018-0003-5
https://doi.org/10.1038/mt.2013.207
https://doi.org/10.15252/emmm.201302627
https://doi.org/10.15252/emmm.201302627
https://doi.org/10.3322/caac.21613
https://doi.org/10.1038/s41582-022-00621-0
https://doi.org/10.1056/NEJMoa043330
https://doi.org/10.1056/NEJMoa043331
https://doi.org/10.3390/ijms13066983
https://doi.org/10.1002/14651858.CD013579.pub2
https://doi.org/10.1002/14651858.CD013579.pub2
https://doi.org/10.1145/3444944
https://doi.org/10.1609/aaai.v34i04.6014

Zhu et al.

16. Curth A, Lee C, van der Schaar Mihaela. SurvITE: learning heterogeneous
treatment effects from time-to-event data. arXiv. (2021). Available at: https://doi.
org/10.48550/arXiv.2110.14001. [Epub ahead of preprint]

17. Joseph M, Raj H. GATE: gated additive tree ensemble for tabular classification and
regression. arXiv. (2022). Available at: https://doi.org/10.48550/arXiv.2207.08548. [Epub
ahead of preprint]

18. Kiinzel SR, Sekhon JS, Bickel PJ, Yu B. Metalearners for estimating heterogeneous
treatment effects using machine learning. Proc Natl Acad Sci USA. (2019) 116:4156-65.
doi: 10.1073/pnas.1804597116

19. Zhu E, Chen Z, Ai P, Wang ], Zhu M, Xu Z, et al. Analyzing and predicting the risk
of death in stroke patients using machine learning. Front Neurol. (2023) 14:1096153. doi:
10.3389/fneur.2023.1096153

20. Schrod S, Schafer A, Solbrig S, Lohmayer R, Gronwald W, Oefner PJ, et al. BITES:
balanced individual treatment effect for survival data. Bioinformatics. (2022) 38:160-7.
doi: 10.1093/bioinformatics/btac221

21. Hankey BE, Ries LA, Edwards BK. The surveillance, epidemiology, and end results
program: a national resource. Cancer Epidemiol Biomarkers Prev. (1999) 8:1117-21.

22.von Elm E, Altman DG, Egger M, Pocock §J, Gotzsche PC, Vandenbroucke JP. The
strengthening the reporting of observational studies in epidemiology (STROBE)
statement: guidelines for reporting observational studies. Lancet. (2007) 370:1453-7.
doi: 10.1016/s0140-6736(07)61602-x

23. Zeng ], Wang R. A survey of causal inference frameworks. (2022). arXiv. Available
at: https://doi.org/10.48550/arXiv.2209.00869. [Epub ahead of preprint]

24. Zhu E, Shi W, Chen Z, Wang J, Ai P, Wang X, et al. Reasoning and causal inference
regarding surgical options for patients with low-grade gliomas using machine learning:
a SEER-based study. Cancer Med. (2023) 12:20878-91. doi: 10.1002/cam4.6666

25.Li E Morgan KL, Zaslavsky AM. Balancing covariates via propensity score
weighting. J Am Stat Assoc. (2014) 113:390-400. doi: 10.1080/01621459.2016.1260466

26.Johansson FD, Shalit U, Kallus N, Sontag DA. Generalization bounds and
representation learning for estimation of potential outcomes and causal effects. (2020).
arXiv. Available at: https://doi.org/10.48550/arXiv.2001.07426. [Epub ahead of preprint]

27. Wang ], Chen M, Zhao T, Liao W, Xie Y. A manifold two-sample test study: integral
probability metric with neural networks. (2022). arXiv. Available at: https://doi.
0rg/10.48550/arXiv.2205.02043. [Epub ahead of preprint]

28.Nagpal C, Goswami M, Dufendach KA, Dubrawski AW. Counterfactual
phenotyping with censored time-to-events. (2022). Proceedings of the 28th ACM
SIGKDD Conference on Knowledge Discovery and Data Mining

29. Nagpal C, Li X, Dubrawski AW. Deep survival machines: fully parametric survival
regression and representation learning for censored data with competing risks. IEEE |
Biomed Health Inform. (2020) 25:3163-75. doi: 10.1109/JBHI.2021.3052441

30. Katzman J, Shaham U, Cloninger A, Bates J, Jiang T, Kluger Y. Deep survival: a
deep Cox proportional hazards network. (2016). arXiv. Available at: https://doi.
0rg/10.48550/arXiv.1606.00931. [Epub ahead of preprint]

31. Perego C, Sbolli M, Specchia C, Fiuzat M, McCaw ZR, Metra M, et al. Utility of
restricted mean survival time analysis for heart failure clinical trial evaluation and
interpretation. JACC Heart Fail. (2020) 8:973-83. doi: 10.1016/j.jchf.2020.07.005

32.Bliwise DL, Kutner NG, Zhang R, Parker KP. Survival by time of day of
hemodialysis in an elderly cohort. JAMA. (2001) 286:2690-4. doi: 10.1001/
jama.286.21.2690

33. Loshchilov I, Hutter F. Fixing weight decay regularization in Adam. (2017). arXiv.
Available at: https://doi.org/10.48550/arXiv.1711.05101. [Epub ahead of preprint]

34. Krzyzinski M, Spytek M, Baniecki H, Biecek P. SurvSHAP(t): time-dependent
explanations of machine learning survival models. Knowl Based Syst. (2023) 262:110234.
doi: 10.1016/j.knosys.2022.110234

35. Lundberg SM, Lee S-1. A unified approach to interpreting model predictions.
(2017). arXiv. Available at: https://doi.org/10.48550/arXiv.1705.07874. [Epub ahead
of preprint]

36. Yang Z, Yin G. An alternative approach for estimating the number needed to treat
for survival endpoints. PLoS Ome. (2019) 14:€0223301. doi: 10.1371/journal.
pone.0223301

37. Ostrom QT, Gittleman H, Xu J, Kromer C, Wolinsky Y, Kruchko C, et al. CBTRUS
statistical report: primary brain and other central nervous system tumors diagnosed in
the United States in 2009-2013. Neuro-Oncology. (2016) 18:v1-v75. doi: 10.1093/
neuonc/now207

38. Brandes AA, Franceschi E, Tosoni A, Benevento F, Scopece L, Mazzocchi V, et al.
Temozolomide concomitant and adjuvant to radiotherapy in elderly patients with

Frontiers in Neurology

10

10.3389/fneur.2024.1326591

glioblastoma: correlation with MGMT promoter methylation status. Cancer. (2009)
115:3512-8. doi: 10.1002/cncr.24406

39. Sijben AE, MclIntyre JB, Roldan GB, Easaw JC, Yan E, Forsyth PA, et al. Toxicity
from chemoradiotherapy in older patients with glioblastoma multiforme. ] Neuro-Oncol.
(2008) 89:97-103. doi: 10.1007/s11060-008-9593-6

40. Minniti G, Lanzetta G, Scaringi C, Caporello P, Salvati M, Arcella A, et al. Phase
1T study of short-course radiotherapy plus concomitant and adjuvant temozolomide in
elderly patients with glioblastoma. Int J Radiat Oncol Biol Phys. (2012) 83:93-9. doi:
10.1016/j.ijrobp.2011.06.1992

41. Howard FM, Kochanny S, Koshy M, Spiotto M, Pearson AT. Machine learning-
guided adjuvant treatment of head and neck cancer. JAMA Netw Open. (2020)
3:¢2025881. doi: 10.1001/jamanetworkopen.2020.25881

42.She Y, Jin Z, Wu ], Deng J, Zhang L, Su H, et al. Development and validation of a
deep learning model for non-small cell lung cancer survival. JAMA Netw Open. (2020)
3:€205842. doi: 10.1001/jamanetworkopen.2020.5842

43. Arik SO, Pfister T. TabNet: attentive interpretable tabular learning. arXiv. (2019).
Available at: https://doi.org/10.48550/arXiv.1908.07442. [Epub ahead of preprint]

44, Kloecker DE, Davies MJ, Khunti K, Zaccardi F Uses and limitations of the
restricted mean survival time: illustrative examples from cardiovascular outcomes and
mortality trials in type 2 diabetes. Ann Intern Med. (2020) 172:541-52. doi: 10.7326/
m19-3286

45. Perry JR, Laperriere N, O’Callaghan CJ, Brandes AA, Menten J, Phillips C, et al.
Short-course radiation plus temozolomide in elderly patients with glioblastoma. N Engl
] Med. (2017) 376:1027-37. doi: 10.1056/NEJMoal611977

46. Hanna C, Lawrie TA, Rogozinska E, Kernohan A, Jefferies S, Bulbeck H, et al.
Treatment of newly diagnosed glioblastoma in the elderly: a network meta-analysis.
Cochrane Database Syst Rev. (2020) 2020:CD013261. doi: 10.1002/14651858.CD013261.
pub2

47. Carrano A, Juarez JJ, Incontri D, Ibarra A, Guerrero CH. Sex-specific differences
in glioblastoma. Cells. (2021) 10:7. doi: 10.3390/cells10071783

48. Brown TJ, Brennan MC, Li M, Church EW, Brandmeir NJ, Rakszawski KL, et al.
Association of the extent of resection with survival in glioblastoma: a systematic review
and meta-analysis. JAMA Oncol. (2016) 2:1460-9. doi: 10.1001/jamaoncol.2016.1373

49.Kim AA, Dono A, Khalafallah AM, Nettel-Rueda B, Samandouras G, Hadjipanayis
CG, et al. Early repeat resection for residual glioblastoma: decision-making among an
international cohort of neurosurgeons. J Neurosurg. (2022) 137:1618-27. doi:
10.3171/2022.1.Jns211970

50. Chang SM, Barker FG 2nd. Marital status, treatment, and survival in patients with
glioblastoma multiforme: a population based study. Cancer. (2005) 104:1975-84. doi:
10.1002/cncr.21399

51. Thakur A, Faujdar C, Sharma R, Sharma S, Malik B, Nepali K, et al. Glioblastoma:
current status, emerging targets, and recent advances. ] Med Chem. (2022) 65:8596-685.
doi: 10.1021/acs.jmedchem.1c01946

52. de Robles P, Cairncross G. Glioblastoma in the elderly: an age-old problem. Ann
Neurol. (2008) 64:597-9. doi: 10.1002/ana.21560

53. Thakkar JP, Dolecek TA, Horbinski C, Ostrom QT, Lightner DD, Barnholtz-Sloan
JS, et al. Epidemiologic and molecular prognostic review of glioblastoma. Cancer
Epidemiol Biomarkers Prev. (2014) 23:1985-96. doi: 10.1158/1055-9965.Epi-14-0275

54. Putz E, Putz T, Goerig N, Knippen S, Gryc T, Eyiipoglu I, et al. Improved survival
for elderly married glioblastoma patients: better treatment delivery, less toxicity, and
fewer disease complications. Strahlenther Onkol. (2016) 192:797-805. doi: 10.1007/
s00066-016-1046-0

55. Wang E, Casalino LP, Khullar D. Deep learning in medicine-promise, progress, and
challenges. JAMA Intern Med. (2019) 179:293-4. doi: 10.1001/jamainternmed.2018.7117

56. Simon G, DiNardo CD, Takahashi K, Cascone T, Powers C, Stevens R, et al.
Applying artificial intelligence to address the knowledge gaps in cancer care. Oncologist.
(2019) 24:772-82. doi: 10.1634/theoncologist.2018-0257

57.Minniti G, Scaringi C, Lanzetta G, Terrenato I, Esposito V, Arcella A, et al.
Standard (60 Gy) or short-course (40 Gy) irradiation plus concomitant and adjuvant
temozolomide for elderly patients with glioblastoma: a propensity-matched analysis. Int
J Radiat Oncol Biol Phys. (2015) 91:109-15. doi: 10.1016/j.ijrobp.2014.09.013

58. Gilbert MR, Dignam JJ, Armstrong TS, Wefel JS, Blumenthal DT, Vogelbaum MA,
et al. A randomized trial of bevacizumab for newly diagnosed glioblastoma. N Engl J
Med. (2014) 370:699-708. doi: 10.1056/NEJMoal308573

59. Weller M, Le Rhun E. How did lomustine become standard of care in recurrent
glioblastoma? Cancer Treat Rev. (2020) 87:102029. doi: 10.1016/j.ctrv.2020.102029

frontiersin.org


https://doi.org/10.3389/fneur.2024.1326591
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://doi.org/10.48550/arXiv.2110.14001
https://doi.org/10.48550/arXiv.2110.14001
https://doi.org/10.48550/arXiv.2207.08548
https://doi.org/10.1073/pnas.1804597116
https://doi.org/10.3389/fneur.2023.1096153
https://doi.org/10.1093/bioinformatics/btac221
https://doi.org/10.1016/s0140-6736(07)61602-x
https://doi.org/10.48550/arXiv.2209.00869
https://doi.org/10.1002/cam4.6666
https://doi.org/10.1080/01621459.2016.1260466
https://doi.org/10.48550/arXiv.2001.07426
https://doi.org/10.48550/arXiv.2205.02043
https://doi.org/10.48550/arXiv.2205.02043
https://doi.org/10.1109/JBHI.2021.3052441
https://doi.org/10.48550/arXiv.1606.00931
https://doi.org/10.48550/arXiv.1606.00931
https://doi.org/10.1016/j.jchf.2020.07.005
https://doi.org/10.1001/jama.286.21.2690
https://doi.org/10.1001/jama.286.21.2690
https://doi.org/10.48550/arXiv.1711.05101
https://doi.org/10.1016/j.knosys.2022.110234
https://doi.org/10.48550/arXiv.1705.07874
https://doi.org/10.1371/journal.pone.0223301
https://doi.org/10.1371/journal.pone.0223301
https://doi.org/10.1093/neuonc/now207
https://doi.org/10.1093/neuonc/now207
https://doi.org/10.1002/cncr.24406
https://doi.org/10.1007/s11060-008-9593-6
https://doi.org/10.1016/j.ijrobp.2011.06.1992
https://doi.org/10.1001/jamanetworkopen.2020.25881
https://doi.org/10.1001/jamanetworkopen.2020.5842
https://doi.org/10.48550/arXiv.1908.07442
https://doi.org/10.7326/m19-3286
https://doi.org/10.7326/m19-3286
https://doi.org/10.1056/NEJMoa1611977
https://doi.org/10.1002/14651858.CD013261.pub2
https://doi.org/10.1002/14651858.CD013261.pub2
https://doi.org/10.3390/cells10071783
https://doi.org/10.1001/jamaoncol.2016.1373
https://doi.org/10.3171/2022.1.Jns211970
https://doi.org/10.1002/cncr.21399
https://doi.org/10.1021/acs.jmedchem.1c01946
https://doi.org/10.1002/ana.21560
https://doi.org/10.1158/1055-9965.Epi-14-0275
https://doi.org/10.1007/s00066-016-1046-0
https://doi.org/10.1007/s00066-016-1046-0
https://doi.org/10.1001/jamainternmed.2018.7117
https://doi.org/10.1634/theoncologist.2018-0257
https://doi.org/10.1016/j.ijrobp.2014.09.013
https://doi.org/10.1056/NEJMoa1308573
https://doi.org/10.1016/j.ctrv.2020.102029

	Optimizing adjuvant treatment options for patients with glioblastoma
	Introduction
	Materials and methods
	Study design
	Machine learning algorithm
	Inference of individual treatment effect
	Model training, validation, and interpretation
	Statistical analysis

	Results
	Demographic and clinicopathological characteristics
	Model performance and treatment recommendation
	Model recommendation behavior
	Model interpretation

	Discussion
	Limitations

	Conclusion
	Data availability statement
	Ethics statement
	Author contributions

	 References

