
Cross-cancer survival prediction 
using machine learning models
Lucas Buk Cardoso1, Jones Eduardo Egydio1, Tatiana Natasha Toporcov2,  
Nanci Yumi Utida2, Maria Paula Curado3, Gisele Aparecida Fernandes3,  
Adeylson Guimarães Ribeiro4, Bryan Gilvaz Chin1 & Vanderlei Cunha Parro1

Among the many challenges faced by healthcare systems, cancer remains one of the most urgent. 
This makes the application of artificial intelligence a critical tool for enhancing early detection and 
optimizing treatment strategies, especially given the growing volume of patient data being collected. 
In this study, machine learning models trained on data for a specific type of cancer were employed to 
predict three-year survival after diagnosis for other cancer types. Two groups were considered: the 
most frequent cancers and those related to the digestive system. The data were extracted from the 
Hospital Based Cancer Registries of São Paulo, covering 2000 to 2019, with a consistent selection 
protocol across all cancer types to enable cross-prediction. XGBoost and LightGBM algorithms were 
used, choosing the best-performing model for predictions across different topographies. Using a 
combined dataset of oral cavity, esophageal, and stomach cancers, the model achieved a balanced 
accuracy of 80.18%, compared with 79.92% for the stomach-specific model. Statistical testing showed 
no significant difference between these values, suggesting comparable predictive performance. These 
results illustrate the potential of cross-prediction, especially for rare cancer types where data scarcity 
represents a significant challenge.
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With rapid technological advancements, artificial intelligence (AI) has emerged as a transformative force capable 
of revolutionizing global healthcare1. Among the myriad challenges in healthcare, cancer remains one of the 
most significant, highlighting the critical need for accurate disease prognosis prediction. Machine learning (ML) 
tools offer great potential to address the multifaceted challenges of cancer survival prediction2–4. By leveraging 
advanced ML models and real-world clinical parameters, notable predictive accuracy has been achieved2,5. 
These models integrate diverse input parameters, capturing complex relationships across cancer types6,7.

Registries, databases, and repositories have played pivotal roles in advancing AI applications in cancer 
treatment8. While modern AI techniques have demonstrated substantial efficacy across medical domains, their 
dependence on large datasets remains a key limitation9,10. Therefore, existing databases, such as national cancer 
registries, provide invaluable clinical data and serve as essential resources for research8,11.

However, access to extensive registry databases is not universally available, especially for rare cancer subtypes 
and considering regional disparities in the quality of patient registries. To address this, transfer learning 
represents a great strategy – especially used in deep learning – where previously trained algorithms are used 
on other problems, reusing the training weights12,13. This technique is widely used in image data, but there is a 
lack of studies that verify its validity in tabular datasets, mainly due to the difficulty in finding high-quality and 
extensive databases14, most of them are small and specialized, making it difficult to create complex models15.

Even when trained on heterogeneous datasets, ML models can achieve good results in predictions16, 
highlighting the importance of investigating approaches such as cross-prediction in areas with data limitations. 
The Hospital Based Cancer Registries of the state of São Paulo (RHC/SP), which has data on cancer patients 
since 200017, represents a great opportunity to validate cross-prediction across different types of cancer.

This study aimed to develop machine learning algorithms that use data from specific cancer types to predict 
three-year survival following diagnosis in different cancer topographies presents in RHC/SP. Following initial 
training, the models were independently evaluated for distinct cancer types to assess cross-prediction potential. 
This approach focused on two groups: the most frequent cancers and those related to the digestive system.
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Results
Population characteristics
Among the most frequent cancer types, Colorectal cancer exhibited comparable proportions of patients across 
stages II, III, and IV (the same numbers for the digestive system, as the same dataset was used). Lung cancer 
demonstrated a predominance of stage IV cases, representing over 50% of patients. Breast and Prostate were 
predominantly diagnosed at stage II, with nearly 60% of Prostate cancer cases concentrated in this stage. Cervical 
cancer showed a balanced distribution across stages I, II, and III, with approximately 30% of patients in each 
category. In contrast, over 80% of Skin cancer cases were identified at stage I (Supplementary Fig. S1).

For digestive system topographies, stage IV predominated in Oral Cavity (53.7%), Oropharyngeal (72.8%), 
and Stomach cancers (47.5%). Esophageal and Small Intestine cancers exhibited a high prevalence of advanced 
stages, with approximately 30% of cases each in stages III and IV. Anus cancer diverged from this pattern, 
showing the highest proportions of patients in stages II and III (Supplementary Fig. S2).

Kaplan-Meier curves for the most frequent types show that Lung cancer has the worst prognosis 5 years 
after diagnosis, while Prostate, Breast, and Skin cancer have the highest survival rates (Supplementary Fig. S3). 
Regarding the types of the digestive system, the worst prognosis is for Esophagus cancer patients. Colorectal and 
Anus cancers have the highest 5-year survival rates after diagnosis (Supplementary Fig. S4).

Most frequent
Phase 1
It is important to note that, among the specialist models for the most frequent tumors, the LightGBM algorithm 
demonstrated superior performance in four of the six topographies analyzed – Breast, Skin, Lung, and Cervical 
(Supplementary Table 1). In contrast, for Prostate and Colorectal cancers, XGBoost performed better.

Feature analysis revealed that the clinical staging variable was critical in five of the six most frequent types for 
the most important columns for each specific cancer type (Supplementary Table 2).

After preparing the data for the most frequent types, the individual models were trained and validated, and 
predictions were made for the remaining types. Those with accuracy rates above 65% for both classes (0 – non-
survival and 1 – survival) were selected, as shown in Supplementary Fig. S5. The highlighted cross-predictions 
were between Lung and Cervical, and between Cervical with Breast and Lung. These combinations were tested 
in Phase 2.

Phase 2
The results using the combination of types that showed strong predictive performance in Phase 1 for the most 
frequent cancer topographies are presented in Table 1. We selected balanced accuracy and f1-score to capture 
overall model performance with reduced sensitivity to class imbalance, while giving greater importance to 
accuracy in the cross-prediction analyses. The confusion matrices for the Phase 2 and Phase 3 tests for the most 
frequent types are shown in Supplementary Figs. S6 to S8.

By combining the types that showed cross-prediction potential identified in Phase 1, none of the results 
exceeded the accuracy of the specialist models for the respective types.

Phase 3
To conclude the tests for the most frequent types, the six topographies were combined into a single database to 
train a unified model (Table 1). However, the results obtained were inferior compared to especialist models when 
predicting each type individually, as observed in previous tests, demonstrating that there are no advantages with 
cross-prediction in this case.

Digestive system
Phase 1
When analyzing the specialist models for digestive system tumors, LightGBM algorithm demonstrated superior 
performance in four of the seven possible topographies: Oral Cavity, Oropharynx, Esophagus, and Stomach. In 
contrast, for Colorectal (which shares the same characteristics as the tests with the most frequent types), Small 
Intestine, and Anus cancers, XGBoost algorithm achieved better performance (Supplementary Table 1). The 
most important features for each specific digestive system cancer type, derived from the best-performing model, 

Type

Specialist Lung/Cervical
Cervical/Breast/
Lung All

BACC f1-score BACC f1-score BACC f1-score BACC f1-score

Breast 0.7957 0.7345 - - 0.7707 0.7704 0.7896 0.7639

Skin 0.7075 0.6576 - - - - 0.7012 0.6779

Prostate 0.7455 0.6588 - - - - 0.7246 0.7110

Colorectal 0.7641 0.7626 - - - - 0.7333 0.7182

Lung 0.7865 0.6812 0.7443 0.7443 0.6301 0.6700 0.6006 0.6342

Cervical 0.7444 0.7416 0.6859 0.6830 0.7407 0.7274 0.7230 0.6972

Table 1.  Balanced accuracy (BACC) and f1-score for the most frequent types, displaying the results of the 
specialist models, as well as the tests with the following combinations: lung and cervical; cervical, breast and 
lung; and all types combined.
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are presented in Supplementary Table 3. Notably, the clinical staging variable emerged as the most important 
feature in six of the seven topographies.

After preparing the data for the digestive system types, individual machine learning models were trained, 
validated, and used to predict outcomes for other types. The predictions with accuracy rates above 65% for both 
classes, obtained from cross-predictions among digestive system topographies, were selected, as demonstrated 
in Supplementary Fig. S9. The highlighted cross-predictions include: Oral Cavity with Stomach and Colorectal; 
Esophagus with Oral Cavity and Stomach; Stomach with Colorectal; and Small Intestine with Oral Cavity and 
Stomach. These combinations were tested in Phase 2.

Phase 2
As in Phase 2 for the most frequent types, the topographies that demonstrated relevant cross-predictions were 
integrated into a unified database, enabling the training of a machine learning model to individually predict 
these highlighted types. Table 2 presents the results of all tests, with 95% confidence intervals for the metrics that 
outperformed the specialist models. The confusion matrices for the Phase 2 and 3 tests for the digestive system 
types are displayed in Supplementary Figs. S10 to S14.

For the combination of Esophagus, Oral Cavity, and Stomach, the predictions were inferior compared to the 
specialist models for the first two topographies. However, for Stomach, the results were numerically superior, 
reaching accuracy above 80%, in contrast to the lower values observed in the individual model. The f1-score 
showed a similar trend, rising from 0.7685 for the specialist model to 0.7718 for the combined model. McNemar’s 
test yielded a p-value of 0.166, this demonstrates that the difference in accuracy between the models is not 
statistically significant; therefore, both performed similarly.

For the types Small Intestine, Oral Cavity, and Stomach, the balanced accuracy for Small Intestine was higher 
than that of the specialist model, although the prediction for the classes was unbalanced (Supplementary Fig. 
S12). Finally, in the tests with Stomach and Colorectal cancers, the predictions for colon and rectal cancer 
achieved higher accuracy and f1-score than the specialist model, with unbalanced classes. The McNemar test 
yielded a p-value < 0.05, indicating the difference in accuracy between the models was not statistically significant; 
therefore, no improvement in predictive performance can be claimed.

The other combinations with cross-prediction potential identified in Phase 1 do not exceeded the accuracy of 
the specialist models for the respective types.

Phase 3
Finally, all seven types were consolidated into a single dataset and used to train a model (Table 2). When 
predicting each topography individually, the Oral Cavity and Small Intestine types showed a superior balanced 
accuracy compared to specialists models – in the case of the f1-score there was only an increase for the Oral 
Cavity –, although the predictions for the two classes were unbalanced (Supplementary Fig. S14). This highlights 
the potential for cross-prediction in these cases.

The McNemar test for balanced accuracy improvements yielded p-values of 0.003 for Oral Cavity and 0.775 
for Small Intestine cancer, demonstrating that the difference in accuracy between the models is statistically 
significant only in the former case.

Discussion
Based on the results obtained for three-year survival prediction after diagnosis, a marginal improvement over 
the specialist model was observed for Stomach cancer. When combining data from patients with Oral Cavity, 
Esophagus, and Stomach cancers into a single dataset, the model achieved a balanced accuracy of 80.18%, 
sensitivity of 80.06%, and specificity of 80.30%. In contrast, the model trained exclusively on Stomach cancer data 
yielded lower performance, with all metrics below 80%. McNemar’s test did not indicate statistical significance 
in the difference between the predictions, suggesting the models have similar performance.

Superior numerical results compared to the specialist models were also achieved for Oral Cavity, Small 
Intestine, and Colorectal cancers. However, it is important to note that in these cases, performance improved for 
one class (survival or non-survival) but declined for the other, when compared to their respective specialized 
models, with p-value higher than 0.05 only for Small Intestine – not indicating statistical significance in the 
difference between the predictions –, so the models showed similar performance. Thus, it was possible to obtain 
good predictions for certain types of cancer using models trained with data from other topographies, with 
results being close to those obtained by specialized models. This highlights the potential of the cross-prediction 
approach when using the machine learning algorithms tested in this study.

This capability validated through cross-prediction – applied for the first time to RHC/SP data in this 
study – is particularly crucial for rarer cancer subtypes, in which the scarcity of well-annotated cases makes 
it impractical to train specialist models with sufficient robustness. By enabling models trained on more 
prevalent cancers to generate clinically meaningful predictions in data-limited settings, cross-prediction can 
help bridge a critical diagnostic and prognostic gap. This enhanced generalizability not only offers actionable 
insights that can support clinical decision-making when expert models are unavailable, but also broadens the 
applicability of computational oncology tools. Consequently, it represents a promising strategy to enhance 
disease characterization, inform therapeutic decision-making, and improve prognostic precision across a 
broader spectrum of malignancies, including tumor types historically underserved by data-driven methods. 
This technique of reusing model weights has been successful in predicting image-based datasets18–20, but some 
studies show its successful application in case-limited studies21,22.

Moreover, although various studies have applied machine learning to predict cancer survival, many are 
constrained by small sample sizes, where results may be affected by statistical bias and instability. For instance, 
a study on Oral Cavity cancer included 3,841 patients23, while research on Breast cancer used samples of 
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only 210 patients24. Other studies reported even smaller cohorts, such as 44 patients for Lung cancer25, 427 
for Oropharyngeal cancer26, and 75 for Stomach cancer27. In contrast, a Prostate cancer study featured a 
substantially larger cohort of 42,470 patients28. This considerable variability in sample size demonstrates the 
need for innovative strategies, such as cross-prediction, which can leverage knowledge acquired from high-data-
volume datasets to improve survival predictions in data-scarce scenarios.

A major strength of this study lies in the use of the Hospital Based Cancer Registries of São Paulo, which 
represents a valuable resource for training machine learning algorithms. This database includes over one million 
registries since 2000, covering a diverse patient population in the state of São Paulo, and contains relevant 
clinical and epidemiological information such as age, education level, place of residence, treatment and tumor 
characteristics. As an example of the quality and completeness of the database, we can cite 97.5% of cases with 
microscopic confirmation and only 4.5% of patients without disease staging17. All these characteristics offer an 
excellent opportunity to test cross-prediction between different types of cancer.

Finally, among the limitations of this study, it is noteworthy that cancer types exhibit morphological 
heterogeneity, which can negatively affect the performance of models and cross-prediction tests when 
representing each type with a single dataset or mixing different topographies in a single database. Alternatively, 
cross-prediction could be used only for the less aggressive subtypes or tested on a single type and its respective 
characteristics. Additionally, the models were not validated on data from other regions; their generalizability 
was assessed only across different topographies within the RHC/SP. Another relevant point was the adoption of 
overall survival as an outcome – also considering deaths unrelated to cancer – which may introduce a competing 
risks bias, but was justified by the purpose of estimating the general prognosis of patients.

Although cross-prediction across cancer types appears promising, it is not yet ready for clinical application. 
Future work should therefore prioritize external validation using independent cancer registries and multicenter 
cohorts to assess generalizability and transportability. Studies should also examine performance across 
hospitals with different capacities and different regions to identify operational limits and potential equity issues. 
Integrating molecular and genetic data with registry variables can improve predictive accuracy and biological 
interpretability, and the use of survival models and deep learning techniques could bring gains in estimates from 
the cross-prediction approach.

Methods
Study population
The data were obtained from the RHC/SP, managed by Fundação Oncocentro de São Paulo (FOSP)17. The 
registry spans cases recorded from January 2000 to December 2023, totaling 1,178,688 patients. This dataset 
includes sociodemographic information, tumor characteristics, treatments, and hospital specifications. These 
data were collected from 79 public and private hospitals, with 94.2% of these institutions classified as high-
complexity oncology centers within the Sistema Único de Saúde (SUS).

Two groups of cancer topographies were selected from the RHC/SP database. The first group comprises the 
most frequent types: Skin, Breast, Prostate, Colorectal, Lung, and Cervical. The second group includes digestive 
system associated topographies: Oral Cavity, Oropharynx, Esophagus, Stomach, Small Intestine, Colorectal, and 
Anus. To exclude pandemic disruptions, only patients diagnosed between 2000 and 2019 were included, and all 
were residents of São Paulo, Brazil. The outcome analyzed was three-year survival, chosen as an intermediate 
follow-up period after diagnosis to minimize severe class imbalance across cancer types with shorter or longer 
typical survival. Table 3 summarizes the study cohort, including the total number of patients, outcome class 
distributions, and training/test set sizes.

Type (CID-O) N

3-Year-
Survival Data

No Yes Train Test

Breast (C50) 104,532 20,721 83,811 78,399 26,133

Skin (C44) 100,883 23,196 77,687 75,622 25,261

Prostate (C61) 83,455 13,476 69,969 62,583 20,862

Colorectal (C18-C20)∗ 56,111 25,092 31,019 42,083 14,028

Lung (C34) 37,005 32,025 4,980 27,753 9,252

Cervical (C53) 21,470 9,239 12,231 16,102 5,368

Oral Cavity (C00-C06) 23,935 14,136 9,799 17,951 5,984

Oropharynx (C10) 4,922 3,646 1,276 3,691 1,231

Esophagus (C15) 13,961 12,086 1,875 10,470 3,491

Stomach (C16) 27,770 20,207 7,563 20,827 6,943

Small Intestine (C17) 1,594 883 711 1,195 399

Anus (C21) 2,276 1,043 1,233 1,707 569

Table 3.  Overview of dataset composition by cancer type. For each tumour entity, the table reports: (i) the 
total number of patients available (N), (ii) the number of patients in each class for 3-year-survival, and (iii) the 
number of samples allocated to the training and test sets. ∗ Same information for digestive system.
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Selection of variables
The study’s output variable was derived using the most recent patient information and the time interval (in 
days) between diagnosis and the last recorded follow-up. The outcome was defined as follows: 0 for patients 
who did not survive three years post-diagnosis, and 1 for those who survived at least three years. Twenty-three 
variables were selected as predictors for the machine learning models. Table 4 summarizes these variables and 
their descriptions.

The data selection protocol was applied uniformly to both the most frequent cancer types and digestive system-
related topographies, ensuring consistency in input columns across all groups and enabling cross-prediction 
tests. It is important to emphasize that this standard data selection strategy may reduce the differentiation of 
histological subtypes; therefore, the results were interpreted considering this limitation, and studies exploring 
stratified analyses by subtype are recommended. Key exclusion criteria included patients aged under 20 years, 
non-residents of São Paulo state, cases with clinical staging of 0, X, or Y, diagnoses after 2019, and patients 
without microscopic confirmation of the diagnosis, as depicted in Fig. 1. The complete data selection steps are 
described in the Supplementary Material.

Following data selection and feature removal, patients with less than three years of follow-up data were 
excluded, retaining only those with sufficient follow-up duration (≥ 3 years). This ensured eligibility for outcome 
assessment and excluded individuals censored prior to the three-year threshold. The final cohort sizes for each 
outcome class, along with training and test set distributions, are presented in Table 3.

Construction of the models
The cancer types included in the study were selected through two criteria: (1) the most prevalent types in the 
RHC/SP registry – Skin, Breast, Prostate, Lung, Colorectal, and Cervical – and (2) those associated with the 
digestive system – Oral Cavity, Oropharynx, Esophagus, Stomach, Small Intestine, Colorectal, and Anus.

After training specialist models, using data exclusively from a single cancer type, their predictive performance 
was evaluated across all other studied cancer types, as outlined in Phase 1 of Fig.  2. This process identified 
topographies with cross-prediction potential, defined as those for which specialist models achieved strong 
performance (≥ 65% accuracy in both classes) when predicting another cancer type within the group.

For topographies demonstrating strong cross-prediction capabilities, a dedicated evaluation was performed 
using a dataset comprising only these types, as depicted in Phase 2 of Fig. 2. For instance, if specialist models 
for types A and B exhibited accuracy ≥ 65% in both classes, their datasets were merged to train machine 
learning models with the combined data. This threshold was set at 65% because the worst specialist model, for 
oropharyngeal cancer, has a balanced accuracy of 66%. The resulting models were then tested separately on type 
A and type B test sets to evaluate performance improvements relative to the original specialist models.

A third analysis focused on predictions from models trained on aggregated datasets encompassing all types 
within each group, as illustrated in Phase 3 of Fig. 2. Unified datasets were created: one for the six most frequent 

Column Description

IDADE Patient’s age

SEXO Patient’s gender

IBGE Code of patient’s city of residence according to IBGE

CATEATEND Diagnostic care category

DIAGPREV Previous diagnosis and treatment

EC Clinical staging

CIRURGIA Treatment received in hospital = surgery

RADIO Treatment received in hospital = radiotherapy

QUIMIO Treatment received in hospital = chemotherapy

HORMONIO Treatment received in hospital = hormone therapy

TMO Treatment received in hospital = bone marrow transplant

IMUNO Treatment received in hospital = immunotherapy

OUTROS Treatment received in hospital = others

CONSDIAG Difference in days between the consultation and diagnosis dates

DIAGTRAT Difference in days between treatment and diagnosis dates

ANODIAG Year of diagnosis

DRS Regional health departments

RRAS Regional health care networks

IBGEATEN IBGE code of the healthcare institution where the patient was treated

HABILIT2 Hospital qualifications - Categories

ESCOLARI Code for patient’s education level

IBGE_idem_IBGEATEN IBGE code equal to IBGEATEN code

presenca_rec Presence of recurrence

Table 4.  Detailed description of all input features. For each feature column, the table provides: (i) the feature 
name as used in the datasets; (ii) a concise definition of what the feature measures.
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cancers and another for the seven digestive system topographies. Models were trained on these combined 
datasets, and individualized predictions were generated for each topography to compare against Phase 1 
specialist models.

Two machine learning algorithms – XGBoost and LightGBM – were evaluated on the selected cancer 
topographies, as Gradient Boosting-based models performed better in survival predictions with RHC/SP 
compared to tree and deep learning models, as shown in a previous study by the research group2. Unlike specific 
survival models, the classification algorithms used in the study do not take censored data into account, which 
may influence survival estimates. Predictions were validated primarily through confusion matrices, while ROC 
curves and feature importance analyses were additionally derived for specialist models.

Fig. 2.  The study comprised three phases. Phase 1 involved dedicated databases and specialist models 
for each cancer type. Topographies whose specialist models achieved predictive accuracy ≥ 65% in both 
outcome classes for other cancer types were selected for Phase 2. In Phase 2, types demonstrating strong 
inter-topography predictive performance were combined into a unified dataset to train a general model. This 
general model was then individually tested for each participating topography. In Phase 3, all cancer types were 
aggregated into a single dataset, and individualized predictions were generated for each topography within 
both the most frequent cancers and digestive system groups.

 

Fig. 1.  The selection processes implemented to refine the databases for the chosen topographies ensured 
methodological consistency across all cancer types under study.
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The XGBoost algorithm29 employs gradient-boosted decision trees, sequentially combining weak learners 
to iteratively minimize residuals from prior trees. This approach enhances model robustness by focusing on 
misclassified instances, ultimately improving classification accuracy30.

In contrast, LightGBM31 optimizes gradient boosting through two key techniques: Gradient-based One-Side 
Sampling (GOSS) and Exclusive Feature Bundling (EFB). GOSS prioritizes data instances with larger gradients 
during training, while EFB reduces dimensionality by bundling mutually exclusive features (i.e., those rarely 
non-zero simultaneously)30.

Hyperparameter optimization was performed using Optuna32. After selection for XGBoost and LightGBM, 
the model with the best performance was chosen to perform cross-validation tests.

Training and validation
The datasets for all types of cancer were split into two subsets – 75% for training and 25% for algorithm 
validation. Notably, the validation set used for cross-predictions remained consistent across all three phases and 
for all cancer types studied.

After the split, the training data underwent preprocessing, and the test data were transformed using 
ordinal encoding for categorical columns to convert category labels into numeric values33, followed by z-score 
normalization to standardize all input features to a mean of 0 and a standard deviation of 133. To correct imbalance 
in the output classes for specialist models, weights inversely proportional to the frequency of each class were 
assigned, so that the class with fewer examples received a higher weight during training and making the learning 
similar in both classes. Because class imbalance varies across cancer types, we avoided resampling and instead 
applied class weights to all expert models: weighting preserves the full dataset and facilitates cross-prediction, 
whereas oversampling – duplicating or synthetically generating minority examples – increases training size, 
computational cost and the risk of overfitting.

A summary of the metrics obtained by the best-performing model, selected from the two tested, is presented 
in Supplementary Table 1, comparing sensitivity, specificity, accuracy, and AUC (Area Under the Curve) values 
for training and testing. Likewise, the most important features using the SHAP method34 for the specialist 
models are shown in Supplementary Tables 2 and 3.

To assess whether the improvement in metrics was statistically significant, it was used the McNemar test, 
which is appropriate for comparing two classifiers on the same dataset. This test evaluates whether the two 
types of disagreement – cases where model A is correct and model B is incorrect versus cases where model A is 
incorrect and model B is correct – occur at significantly different rates35. Thus, if the p-value < 0.05, the difference 
in accuracy between the models is statistically significant; otherwise, the models have similar performance.

Ethical considerations
Following the Lei Geral de Proteção de Dados Pessoais (LGPD) of Law No. 13,709, August 14, 2018, Section II – 
Processing of Sensitive Personal Data, as it is a research with a public database, which does not contain patients’ 
personal data, approval from the Research Ethics Committee was not required.

Data availability
The raw database, with all types of cancer, are available in the FOSP website: ​h​t​t​p​s​:​/​/​f​o​s​p​.​s​a​u​d​e​.​s​p​.​​g​o​​v​​.​​b​r​/​​f​o​​s​​p​/​​
d​i​r​e​​t​​o​​r​i​a​-​​​a​d​j​u​n​​t​​a​-​d​​e​-​​i​​n​f​o​​r​​m​a​c​a​o​-​e​-​e​p​i​d​e​m​i​o​l​o​g​i​a​/​r​h​c​-​r​e​g​i​s​t​r​o​-​h​o​s​p​i​t​a​l​a​r​-​d​e​-​c​a​n​c​e​r​/​b​a​n​c​o​-​d​e​-​d​a​d​o​s​-​d​o​-​r​h​c​/​. 
The datasets generated and analysed, and the notebooks developed during the current study are available in the 
GitHub repository: https:​​​//gith​ub.​com/​CDIA​-NSEE/​cance​r_cross​_prediction.
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