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Nimotuzumab, a humanized monoclonal antibody targeting the epidermal growth factor receptor (EGFR), has 
demonstrated clinical benefit in various epithelial tumors. However, selecting the right patient populations 
remains a challenge, particularly when considering real-world treatment scenarios and diverse tumor types. 
This study aimed to identify clinical and demographic subgroups of patients with the highest survival benefit 
from Nimotuzumab, using decision tree models applied to integrated clinical trial data. 
A total of 1,871 patients diagnosed with head and neck, brain, and esophageal cancers were included from 19 
studies (phases I to IV and observational). Survival-related variables were analyzed using decision tree 
algorithms, a machine learning method suited for revealing complex, non-linear patterns among clinical 
features. The models stratified patients based on baseline characteristics and treatment outcomes. 
The results revealed distinct predictive profiles for each cancer type. In head and neck cancer, survival was 
best predicted by race, disease status, use of radiotherapy, performance status, and toxic habits. In brain tumors, 
the most influential variables were age, performance status, and histological subtype. In esophageal cancer, 
survival was mainly determined by sex, histological diagnosis, and race. These variables consistently emerged 
as key decision nodes in the trained models. 
The novelty of this study lies in its use of a machine learning approach across multiple tumor types treated 
with the same targeted therapy, Nimotuzumab. It is also among the first to apply such methodology to real-
world data from low- and middle-income countries. By generating interpretable decision trees, the study offers 
a practical tool for identifying patient subgroups that are most likely to benefit from EGFR-targeted treatment, 
thereby supporting more efficient, personalized cancer care. 
These findings reinforce the value of integrating data mining and artificial intelligence techniques into 
oncology to enhance treatment selection and improve patient outcomes. 
Keywords: Nimotuzumab, EGFR-targeted therapy, Real-world data, Survival prediction, Machine learning 
in oncology, Decision tree analysis, Personalized cancer therapy, Head and neck squamous cell carcinoma, 
Glioma, Esophageal cancer, Biomarker-driven treatment, Clinical trial data mining, AI-based patient 
stratification, EGFR monoclonal antibody comparison, Clinical trial data integration 
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Decision trees (DTs) are a supervised learning technique categorized as non-parametric and used for tasks like 
classification and regression. Their purpose is to build a model that predicts the value of a target variable by 
applying straightforward decision rules derived from the dataset's features. Essentially, a decision tree 
functions as a stepwise constant approximation. Structurally, it resembles a flowchart, where internal nodes 
correspond to attribute-based tests (e.g., whether a coin flip results in heads or tails), branches represent test 
outcomes, and leaf nodes indicate class labels or final decisions after evaluating all attributes. To better predict 
the cancer patients' survivability, only seven to ten features are identified from the available features as 
necessary for the analysis.  
The epidermal growth factor receptor (EGFR) is a transmembrane protein that regulates cell proliferation and 
maturation, primarily in epithelial tissues such as the skin, intestinal mucosa, and liver. Two key ligands drive 
its activation: epidermal growth factor (EGF) and tumor growth factor alpha (TGF-α).1-2 These ligands trigger 
the EGF-EGFR signaling cascade by inducing receptor phosphorylation and dimerization. This system has 
been widely studied and is very attractive as a target for tumor therapy. It is associated with anarchic 
proliferation, cell immortalization, inhibition of apoptosis, neoangiogenesis, and metastasis: signs of poor 
prognosis that cause resistance to conventional oncological treatments, such as radiotherapy, chemotherapy, 
and hormonotherapy.3-4 Passive immunotherapy using monoclonal antibodies (MAbs) is among the most 
effective strategies targeting EGFR. There are currently several MAb against this receptor registered for the 
treatment of some epithelial solid tumors: Cetuximab® (chimeric MAb), Nimotuzumab (humanized MAb), 
and Panitumumab® (human MAb).5-6 Nimotuzumab is the international generic name for the drug, which is 
marketed under various brand names worldwide: Theraloc® in the European Union, TheraCIM® in Canada, 
Indonesia, and other Asian countries, CIMAher® in Cuba and Latin America, and BIOMAb-EGFR® in India. 
The Molecular Immunology Center has been dedicated to the introduction of new products for the treatment 
of cancer. One of the products studied is Nimotuzumab in patients with glioma, head and neck, and esophageal 
cancer. When a product is registered in a new indication, knowing which patients benefit most is essential. 
Scientific problem: find subsets of patients treated with Nimotuzumab with the highest survival rate with this 
product. 
This article aims to predict the best survival according to the patient's baseline characteristics and the use of 
Nimotuzumab. 
 

 

Decision tree learning, widely used in data mining7, aims to develop a model capable of predicting the value 
of a target variable based on multiple input variables. In this context, decision trees are seen as a blend of 
mathematical and computational methods that facilitate a dataset's description, classification, and generaliza-
tion. The target variable, YYY, represents the dependent variable we seek to analyze, classify, or generalize, 
while a feature vector comprising x1, x2, x3, ..., xk, etc contains the input variables used for the task. 

In data mining, decision trees are generally categorized into two types: classification trees, which predict the 
class (a discrete category) of the data, and regression trees, which indicate a continuous value (e.g., house 
prices or hospital stay durations). Additionally, some methods, known as ensemble techniques, create multiple 
decision trees. An example is boosted trees, which iteratively build an ensemble by focusing on training in-
stances that were previously misclassified. A well-known example of this approach is AdaBoost.8 These can 
be used for both regression-type and classification-type problems. Another method is committees of decision 
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trees (also called k-DT)9, an early approach to randomized decision tree algorithms that involved generating 
multiple trees from the training data and combining their outputs through majority voting. Bootstrap aggrega-
tion (or bagging), one of the first ensemble methods, creates numerous decision trees by repeatedly resampling 
the training data with replacement and using the aggregated votes for consensus predictions. The rotation 
forest method trains each decision tree by first performing principal component analysis (PCA) on a randomly 
selected subset of the input features. 

Prominent decision tree algorithms include ID3 (Iterative Dichotomiser 3), its successor C4.5, and CART 
(Classification and Regression Tree). While regression and classification trees share similarities, they differ 
in aspects, such as the method for determining split points. OC1 (Oblique Classifier 1) was the first algorithm 
introducing multivariate splits at each node. Chi-square Automatic Interaction Detection (CHAID) performs 
multi-level splits for classification tasks. MARS extends decision trees to more effectively handle numerical 
data. Conditional Inference Trees employ a statistical approach, using non-parametric tests as splitting criteria 
with adjustments for multiple testing to minimize overfitting. This method ensures unbiased predictor selec-
tion and eliminates the need for pruning. 

Before, the population was separated into two training samples (70%) and a validation sample (30%). After 
this, the classification tree was applied to both samples. Finally, the results of each subset were compared with 
those of the full population.  

Head and neck cancer 
 
For this study, 1110 patients with head and neck cancer were evaluated and included in ten clinical trials: three 
Phase I with 34 patients, two Phase II with 126 patients, one Phase III with 106 patients, two Phase IV with 
632 patients, one observational study with 195 patients and one investigator-sponsored study with 17 patients 
(Table 1). 
 

Clinical Trials N Treatment Mean of 
Survival (months) 

EC035 Phase I.10 10 RT+hR3 8.3 
EC040 Phase I.11-12  14 RT+hR3 11.5 
EC046 Phase I.13-14  10 RT+ hR3 8.4 
EC055 Phase III.15 106 52 RT STD 

54 RT+ hR3 
12.5 
9.5 

SCCHN/001.16-17 92 23 RT STD 
23 RT+ hR3 
23 CT + RT 

23 CT+RT+hR3 

12.7 
14.4 
22.3 
60.3 

PUCE Cuba.18 195 54 RT+ hR3 
60 CT+RT+hR3 

40 MT + hR3 

16.7 
Not reached 

10.8 
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41 CT + hR3 8.0 
EC113 Phase IV.19 415 41 RT+ hR3 

223CT+RT+hR3 
95 MT + hR3 
56 CT + hR3 

12.4 
18.8 
7.3 
7.2 

EC137 Phase II 34 18 CT + hR3 
16 CT STD 

4.8 
4.7 

PL013 Physician Lead 17 17 CT+RT+hR3 Not reached 
CIMB4 Phase IV.19 217 19 RT+ hR3 

99 CT+RT+hR3 
67 MT + hR3 
32 CT + hR3 

8.4 
11.4 
7.5 
7.0 

Table 1. Clinical trials in patients with head and neck cancer 

 
Brain tumors  
 
For this study, 405 patients with brain tumors were evaluated and included in five clinical trials: Phase II with 
29 patients, Phase III with 70 patients, Phase IV with 220 patients, and one observational study with 86 patients 
(Table 2). 
 

Clinical Trials N Treatment Mean of 
Survival (months) 

EC053 Phase II Cuba.20 16: GBM 
12: AA 

RT+Nimo 17.5 
Not reached 

EC069 Phase III Cuba.21 41: GBM 
29: AA 

RT+Nimo 
RT 

RT+Nimo 
RT 

16.1 
8.6 
44.5 
30.4 

China.22 41 TMZ+RT+Nimo 16.5 
OSAG-101-BSC-05 
German.23 

142 TMZ+RT+Nimo 
TMZ+RT 

22.3 
19.6 

EC114 Phase IV Cuba.24-

25 
95: GBM 
47: AA 

RT+Nimo 10.4 
22.5 

PUCE Cuba.18 55: GBM 
31: AA 

RT+Nimo 12.5 
Not reached 

CIMAB2 Phase IV 
Cuba.19 

39: GBM 
17: AA 

RT+Nimo Not reached 
23.9 

Table 2. Clinical trials in patients with brain tumors 
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Esophageal cancer  
 
For this study, 356 patients with esophageal cancer were evaluated and included in four clinical trials: Phase 
II of 63 patients, three Phase III of 27, 107, and 160 patients, respectively (Table 3). 
 

Clinical Trials N Treatment Mean of 
Survival (months) 

EC075 Phase II Cuba.26 63 
 

33 RT+CT+Nimo 
30 RT+CT 

8.1 
2.9 

EC144 Phase III Cuba 27 18 RT+CT+Nimo 
9 RT+CT 

8.8 
7.0 

EC163 Phase IV Cuba.27 96 54 RT+CT+Nimo 
20 CT+Nimo   
4 RT+Nimo 

18 Nimo 

12.2 
10.3 
12.4 
4.3 

Brasil Phase III.28 107 53 RT+CT+Nimo 
54 RT+CT 

16.0 
14.9 

China Phase III.29 160 80 RT+CT+Nimo 
80 RT+CT 

18.2 
19.5 

Table 3. Clinical trials in patients with esophageal cancer 
 
 
 
Head and neck cancer 
A decision tree was generated, taking as the dependent variable survival from inclusion and as independent 
variables the prognostic variables: Age, Sex, Race, Stage, Performance Status (WHO), Smoking, Alcohol, and 
Tumor Location. (Figure 1)  
 

 
RESULTS 

 

 

 

https://clinicalbiotec.com/


Bionatura Journal 10.70099/BJ/2025.02.02.7                                    
 

 

 6 

 

Figure 1. Decision tree for patients with head and neck cancer A) Training sample B) Validation sample C) Full sample. 
For a clearer view of Figure 1, it was accessed in an enlarged format on the website. 

In the training sample, performance status was selected on the first level, race and radiotherapy were selected 
on the second level, and the toxic habit was selected on the third level (Figure 1 A). On the other hand, in the 
validation sample, radiotherapy was selected on the first level, and the toxic habit was chosen on the second 
level (Figure 1 B). However, in the entire population, race was selected on the first level, diseases were se-
lected on the second level, and radiotherapy and performance status were selected on the third level (Figure 1 
C). These are considered race, diseases, radiotherapy, performance status, and toxic habits are the primary 
outcomes for selecting the patients who benefit the most from head and neck cancer.     

Brain tumors  

A decision tree was constructed taking as the dependent variable, survival from inclusion, and as independent 
variables the prognostic variables: Age, Sex, Race, Karnosfky Incidence, Histological Type, Disease Diagno-
sis and Treatment Scheme. (Figure 2) 
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Figure 2. Decision tree for patients with brain tumors A) Training sample B) Validation sample C) Full sample. For 
a clearer view of Figure 2, it was accessed in an enlarged format on the website. 
 
In the training sample, age was selected on the first level (Figure 2 A). On the other hand, in the validation 
sample, age was chosen on the first level, and the anatomopathological diagnosis was selected on the second 
level (Figure 2 B). However, in the full population, age was chosen on the first, performance status was se-
lected on the second, and anatomopathological diagnosis was selected on the third (Figure 2 C). These are 
considered that age, performance status, and anatomopathological diagnosis are the main outcomes for select-
ing the patients who benefit the most in brain tumors. 
 
Esophageal cancer  

A decision tree was created, taking as the dependent variable survival from inclusion and as independent 
variables the prognostic variables: Age, Sex, Race, Stage, performance status, Histological Diagnosis, Toxic 
Habit, and Treatment Schedule. (Figure 3). 
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Figure 3. Decision tree for patients with esophageal cancer A) Training sample B) Validation sample C) Full sample. For a 
clearer view of Figure 3, it was accessed in an enlarged format on the website. 

In the training sample, sex was selected on the first level, and histological diagnosis was chosen on the second 
level (Figure 3 A). On the other hand, in the validation sample, sex was selected on the first level (Figure 3 
B). However, in the full population, sex was selected on the first level, histological diagnosis was chosen on 
the second level, and race was selected on the third level (Figure 3 C). These are considered that sex, histo-
logical diagnosis, and race are the primary outcomes for selecting the patients who benefit the most from 
esophageal cancer. 
 
These decision trees allow us to predict the prognosis of survival for each cancer site evaluated according to 
the demographic and disease characteristics of each patient in each of the studies analyzed. 
 

 
 

 
According to the authors, the past data mining trends used machine learning techniques and structured data 
stored in traditional databases. The current data mining trends use artificial intelligence and pattern reorgani-
zation techniques, as well as heterogeneous, semi-structured, and unstructured data. The future data mining 
trends used decision trees and neuronal networks and complex data, high-dimensional, temporal data, etc.30   

 
The decision tree can handle both numerical and categorical data, but in implementation, we should try one 
hot encoding for categorical features before training or testing the model. Always keep in mind that the ma-
chine learning model understands nothing but numbers. Machine learning models use one hot encoding 
method to encode categorical variables as numerical values. It constructs new binary columns of every possi-
ble value from the original data.   
 
 

Comparative Analysis: Nimotuzumab vs. Other EGFR-Targeted Therapies 

 
DISCUSSION 
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EGFR-targeted therapies such as Cetuximab, Panitumumab, and Nimotuzumab have shown clinical benefits 
in various epithelial malignancies. However, important differences exist between them in molecular structure, 
efficacy profiles, safety, cost, and accessibility—particularly relevant factors in clinical decision-making and 
health policy. 
Cetuximab is a chimeric monoclonal antibody (IgG1) approved for colorectal and head and neck cancers. It 
has demonstrated improvements in progression-free survival (PFS) and overall survival (OS) in combination 
with radiotherapy or chemotherapy 31. However, its use is often limited by high toxicity rates, particularly 
grade 3–4 skin rash, hypomagnesemia, and infusion-related reactions 32,33. Additionally, the high cost of Ce-
tuximab makes it less accessible in low- and middle-income countries 34. 
Panitumumab, a fully human IgG2 monoclonal antibody, offers reduced immunogenicity compared to Cetux-
imab and is approved for metastatic colorectal cancer with wild-type KRAS. Although it shares EGFR-block-
ing mechanisms, it has been associated with similar dermatologic toxicities and limited use outside of colo-
rectal cancer 35. Panitumumab is also cost-prohibitive in many healthcare systems 36. 
Nimotuzumab distinguishes itself by its favorable safety profile and lower incidence of severe adverse events, 
notably a significantly reduced rate of skin rash. This is attributed to its intermediate affinity for EGFR, al-
lowing selective binding to overexpressed receptors on tumor cells while sparing normal tissues37, 38. Clinical 
studies have demonstrated meaningful survival benefits when combined with radiotherapy or chemoradiother-
apy, particularly in head and neck squamous cell carcinoma and glioma 15,39. Moreover, Nimotuzumab has 
demonstrated economic advantages in cost-effectiveness and budget impact analyses conducted in Latin 
America 40,41. These findings suggest a higher accessibility potential in resource-limited settings. 
From a regulatory perspective, Nimotuzumab has been approved in over 25 countries and marketed under 
various trade names (e.g., CIMAher®, TheraCIM®, BIOMAb-EGFR®), with particular penetration in low- 
and middle-income markets where alternatives like Cetuximab remain unaffordable or unavailable. Its inte-
gration into national treatment protocols in Cuba and India further reflects its strategic value in public health 
oncology programs42. 
In summary, while all three anti-EGFR therapies target the same receptor, Nimotuzumab offers a unique bal-
ance between clinical efficacy, safety, and accessibility—making it a viable therapeutic alternative, particu-
larly in settings where cost and toxicity are limiting factors. 
 

 
Study benefits 

 
The study provides specific information about which patients with head and neck, brain tumors, and esopha-
geal cancer are most likely to benefit from Nimotuzumab. The results can help doctors make more informed 
and personalized patient treatment decisions. Including many patients in clinical trials of different phases in-
creases the validity of the results. The use of decision trees facilitates the interpretation of results and their 
application in clinical practice. The fact that the study did not receive external funding increases its credibility, 
as there is no conflict of interest. 
 
Two meta-analyses were conducted, one for Nimotuzumab in head and neck cancer patients and one for 
esophageal cancer patients, to evaluate the efficacy of Nimotuzumab in these locations.43-44 On the other hand, 
two studies were carried out, one on an economic evaluation and the other on the budgetary impact of 
Nimotuzumab on head and neck cancer.40-45 
 
Limitations of the study 

 
The study only considered a limited number of demographic and clinical variables that could be collected in 
most of the included studies. Other variables, such as the patient's overall health, could be included to provide 
more accurate results. The generated decision trees have a relatively low depth. More complex trees could be 
explored to identify additional patient subgroups that could benefit from Nimotuzumab. The study's results 
may be generalizable to patients from Cuba, China, Brazil, and Germany. The study results can only be gen-
eralized to cancer sites studied because each type of cancer has its specificities.   
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Additional data from the clinical trials included in the study and data from other sources could be analyzed to 
consider more variables and build more complex decision trees. Study results could be validated using data 
from different patient populations to assess their generalizability. This article proposes a working methodology 
to find patient niches that best benefit from nimotuzumab treatment in locations registered in Cuba and other 
countries, such as head and neck, brain tumors, and esophageal cancer. 
 
 

 
 

This study demonstrates the value of using decision tree models to identify clinically relevant subgroups of 
cancer patients who derive the greatest survival benefit from treatment with Nimotuzumab. Based on real-
world data from a large multicenter cohort of 1,871 patients with head and neck, brain, and esophageal cancers, 
we were able to define specific demographic and clinical profiles associated with better outcomes. 
In head and neck cancer, the main predictive variables were race, disease status, radiotherapy use, performance 
status, and toxic habits. In brain tumors, the variables with the greatest discriminatory power were age, per-
formance status, and histological diagnosis. For esophageal cancer, the most relevant predictors were sex, 
histological diagnosis, and race. 
The novelty of this study lies in the use of a machine learning approach applied to integrated multicenter 
clinical trial data to build survival prediction models that can be translated into personalized therapeutic strat-
egies. Unlike traditional survival analyses, the decision tree models used here are intuitive, easy to interpret, 
and provide concrete rules for stratifying patients based on real-world prognostic factors. 
Another innovative aspect is the scope of the analysis: few studies have applied data mining methods across 
multiple tumor types for the same therapeutic agent, and even fewer in a low- and middle-income context 
where access to EGFR-targeted therapies is limited. This work therefore contributes to global oncology by 
offering a practical tool to optimize Nimotuzumab use where resources are constrained. 
These results support the integration of machine learning techniques into oncological research and clinical 
decision-making, especially for patient selection in the use of targeted therapies like Nimotuzumab. Future 
studies with broader datasets and external validation are encouraged to refine and expand these models. 
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