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Skin cancer constitutes the most frequent neoplasm in Brazil, and its potential for invasion is shaped by several elements, among 

which geographical factors play a notable role. Recognizing these elements is essential for advancing diagnostic accuracy and 

therapeutic effectiveness. This investigation examined how geographical region influences skin cancer invasiveness in Brazil 

by identifying distinct predictive patterns associated with different regions. Data obtained from the Hospital Cancer Registries 

(RHC) maintained by Brazil’s National Cancer Institute (INCA) underwent thorough analysis and preprocessing. Machine 

learning algorithms were then applied, and model interpretations were generated using the SHapley Additive exPlanations 

(SHAP) technique. The analysis indicated that geographical location is a key determinant in forecasting skin cancer 

invasiveness, underscoring the need to incorporate regional factors in future research. This study established that regional 

characteristics within Brazil significantly affect predictions of skin cancer invasiveness. While challenges such as data 

imbalance were encountered, the outcomes provide valuable insights for crafting more targeted policies to combat skin cancer 

across the country. 
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Introduction 

Skin cancer involves the uncontrolled growth of 

cutaneous cells [1]. In 2021, the condition recorded the 

highest incidence rates both nationally in Brazil and 

globally [2]. Several subtypes exist, each determined by 

the particular skin layer affected [3]. As shown in Figure 

1, melanoma occurs less commonly than other forms yet 

is the most aggressive and responsible for most deaths 

[4], primarily because of its strong tendency to invade 

distant tissues [5]. In skin cancer progression, invasion 

starts at the primary lesion, where malignant cells breach 

the basement membrane, enter the dermis, and enter the 

circulatory system [6], potentially enabling spread to 

distant anatomical sites [7]. 

 

 
Figure 1. Types of skin cancer [8]. 
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Consequently, invasive tumors tend to produce more 

intense pain resulting from compression of adjacent 

structures and the inflammatory processes elicited by 

tissue penetration [9]. Accurate differentiation between 

invasive and non-invasive lesions is therefore critical for 

determining prognosis and safeguarding patient well-

being during therapy. In Brazil, skin cancer accounts for 

27% of all diagnosed malignancies, with projections 

indicating approximately 220,490 new cases each year 

from 2023 to 2025 [10]. 

The substantial burden imposed by skin cancer and its 

management costs prompted Brazil’s Unified Health 

System (SUS) to increase chemotherapy expenditures by 

roughly 47 million Brazilian reais in 2022 [11]. However, 

the allocation of healthcare infrastructure and resources 

across the country’s administrative regions continues to 

show marked inequalities [12]. Such disparities in service 

availability strongly influence diagnostic timeliness and 

treatment success, with the South benefiting from 

superior access, the North facing the greatest limitations, 

and the Northeast, Southeast, and Midwest presenting 

intermediate conditions [13]. 

In addition, contemporary technological developments 

have led to wider adoption of machine learning 

techniques in diverse domains, with particularly 

promising applications in cancer research [14]. These 

approaches excel at handling complex datasets, 

performing feature selection, and generating reliable 

predictive outcomes [15]. Model interpretability is 

equally vital for meaningful clinical application [16]. The 

SHAP framework enables the development of 

transparent models that reveal the relative importance of 

individual features in driving machine learning 

predictions [17]. 

Against this background, the current research analyzes 

and contrasts Brazil’s regions to assess their effect on 

skin cancer invasiveness. The study addresses three core 

dimensions: determining the predictive relevance of 

geographical region, identifying region-specific features 

linked to invasiveness, and comparing regions based on 

the variables that define invasive potential. These 

variables underpin the observed predictive patterns. 

Clarifying these regional differences is fundamental to 

better understanding skin cancer dynamics and informing 

tailored prevention and intervention strategies. 

The urgency of this line of inquiry is reinforced by the 

disease’s elevated incidence both domestically and 

worldwide, coupled with substantial regional inequities 

in healthcare access within Brazil. Furthermore, accurate, 

interpretable machine learning outputs can meaningfully 

strengthen skin cancer prevention and treatment 

initiatives [18]. 

 

Materials and Methods 

 

The dataset employed in this investigation was obtained 

from the Hospital Cancer Registry (RHC) maintained by 

the National Cancer Institute (INCA). It comprises 

4,680,029 anonymized records of patients diagnosed 

with cancer and includes 47 variables. 

 

Initial data preparation   

The database underwent a comprehensive examination to 

characterize its structure and properties. Exploratory data 

analysis was performed to identify relationships among 

variables. The original files were converted from DBF to 

CSV format, after which a systematic filtering procedure 

was applied. Additionally, new variables were derived 

from the existing ones to align with the study’s specific 

objectives. 

 

Selection of samples and variables   

The initial step involved refining the sample set through 

a systematic selection process, as outlined in the 

flowchart shown in Figure 2. This procedure reduced the 

dataset to 48,331 records. The final sample included 

cases from all five Brazilian regions, as depicted in 

Figure 3 and summarized in Table 1.
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Figure 2. Screening flowchart of the samples 

* Inconsistent entries, such as the value ‘3’ in the gender field (where ‘1’ denotes male and ‘2’ denotes female 

according to the data dictionary), were identified as invalid and resulted in the removal of the affected records 

(Source: Compiled by the author with data extracted from the research). 

 

 
Figure 3. Distribution of cases in Brazil (Source: Compiled by the author with data extracted from the research). 

 

Table 1. Distribution of the dependent variable according to Brazilian region (Source: Compiled by the author with 

data extracted from the research). 

Region Invasive Non-Invasive % Invasives Populationa 

Midwest 661 31 95.52 % 16,289,538 

North 3,004 30 99.01 % 17,354,884 

Northeast 14,494 237 98.39 % 54,658,515 

https://www.sciencedirect.com/science/article/pii/S2666521224000243#tbl1fna
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Southeast 17,408 673 96.28 % 84,840,113 

South 11,416 377 96.80 % 29,937,706 

Brazil (Total) 46,983 1,348 97.21 % 203,080,756 
a Population figures are based on the 2022 census conducted by the Brazilian Institute of Geography and Statistics (IBGE) [19].   

 

Variable selection was carried out to improve data quality 

by eliminating attributes that showed no variation, lacked 

relevance to the predictive task, or were redundant 

because they depended on other variables. Following 

data encoding, highly correlated variables were removed 

using Cramér’s V coefficient, retaining only one 

representative from each strongly associated pair. 

Table 2 presents the complete list of variables included 

in the analysis, along with their respective characteristics. 

For each variable, the table describes its domain (possible 

values or categories) and assigns numerical codes to each 

category to facilitate processing by machine learning 

algorithms. The dependent variable in this study is cancer 

invasiveness, classified as either invasive or non-

invasive. Its distribution across Brazilian regions is 

displayed in Table 1. The dataset showed notable class 

imbalance, with invasive cancers as the majority class of 

interest and non-invasive cases as the minority class, as 

indicated in the same table.

 

Table 2. Attributes used in research (Source: Compiled by the author with data extracted from the research). 

Variable Categories and encoded values 

Primary tumor site 
Eyelid (0); External ear (1); Face (2); Scalp and neck (3); Trunk (4); Shoulders and 

upper extremities (5); Hips and lower extremities (6); Overlapping skin lesion (7) 

Region Midwest (0); North (1); Northeast (2); Southeast (3); South (4) 

Age category 
000–009 (0); 010–019 (1); 020–029 (2); 030–039 (3); 040–049 (4); 050–059 (5); 

060–069 (6); 070–079 (7); 080–089 (8); 090–103 (9) 

Marital status Single (0); Married (1); Widowed (2); Separated (3); Common-law union (4) 

Educational attainment 

No formal education (0); Incomplete elementary education (1); Completed 

elementary education (2); High school education (3); Incomplete undergraduate 

degree (4); Completed undergraduate degree (5) 

Ethnicity/Race White (0); Black (1); Yellow (2); Brown (3); Indigenous (4) 

History of alcohol use Never consumed (0); Former consumer (1); Current consumer (2) 

History of tobacco use Never smoked (0); Former smoker (1); Current smoker (2) 

Referral sourceᵃ SUS (0); Non-SUS (1); Self-referred (2) 

Case classificationᵇ Analytic (0); Non-analytic (1) 

Family history of cancer Yes (0); No (1) 

Multiple primary tumors Yes (0); No (1) 

Sex Male (0); Female (1) 

Cancer invasiveness (target variable) Non-invasive (0); Invasive (1) 
a In the context of cancer care, this variable indicates the source of patient referral. It distinguishes referrals from the public Unified Health System 

(SUS) (code 1), private services or health insurance plans (code 2), self-referrals (code 3), or follow-up cases of previously diagnosed cancers (code 

8).  
b This variable categorizes cases as “analytic” when both the initial diagnosis and treatment occur at the registering hospital of INCA, or “non-

analytic” when diagnosis or treatment took place elsewhere or deviated from the registering hospital’s protocols. Analytic cases receive detailed 

monitoring and evaluation, whereas non-analytic cases are registered with limited follow-up.  

 

  Selection of machine learning algorithms 

This study utilized the following machine learning 

algorithms: XGBoost (XGB), Support-Vector Machine 

(SVM), Random Forest (RF), k-Nearest Neighbors 

(KNN), Artificial Neural Networks (ANN), Naïve Bayes 

(NB), and Decision Tree (DT). The selection was 

informed by earlier investigations from Ghazal et al. [20] 

and Liu et al. [21], which established the reliability and 

relevance of these algorithms in similar analytical 

settings. 

Following the procedure outlined by Yu et al. [22], the 

dataset was randomly divided into separate training and 

testing portions. Eighty percent (80%) of the records 

were assigned to the training set for model construction, 

with the remaining twenty percent (20%) reserved for 

performance evaluation on unseen data. 
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We then optimized hyperparameters on the training data 

using grid search with ten-fold cross-validation, as 

proposed by the same authors. This strategy helped 

determine optimal parameter settings while accounting 

for class imbalance. We selected the parameter 

combination that delivered the best balanced accuracy. 

We conducted model development and tuning both 

nationally and by region for each of Brazil’s five 

geographical regions, accounting for potential regional 

differences. 

To address the existing class imbalance and ensure robust 

cross-validation, we used balanced accuracy as the 

primary performance indicator, in accordance with 

recommendations by Luo et al. [23]. This metric is 

particularly well-suited for assessing classification 

quality in datasets with unequal class distributions. We 

did not implement methods such as Synthetic Minority 

Over-sampling Technique (SMOTE), threshold 

modification, or algorithmic weighting. The emphasis 

remained on examining the algorithms’ native 

performance using the unaltered dataset to maintain its 

original integrity. 

Supplementary evaluation relied on three additional 

indicators: sensitivity, to gauge the detection rate of 

positive cases; specificity, to measure the correct 

classification of negative cases; and the Matthews 

Correlation Coefficient (MCC), which provides a 

comprehensive evaluation for binary outcomes. This 

combination of metrics aligns with the approach adopted 

by Sasikala, Ezhilarasi and Arunkumar [24]. 

 

Identification of the most effective algorithms for 

predicting cancer invasiveness 

Algorithm performance proved largely consistent across 

the different Brazilian regions and aligned closely with 

national-level outcomes. Among all tested models, the 

Support-Vector Machine (SVM) delivered the highest 

results both regionally and at the country-wide scale. 

Figure 4 highlights SVM’s leading position in terms of 

MCC and balanced accuracy, reflecting its strong ability 

to limit misclassifications, a critical requirement in 

medical decision-making contexts [25]. The national test 

set confusion matrix in 3 further confirms its predictive 

strength.
 

 
Figure 4. Ranking of models on a national scope (Source: Compiled by the author with data extracted from the 

research). 

 

Table 3. Binary confusion matrix on a national scope (Source: Compiled by the author with data extracted from the 

research). 

Actual ∖Predicted Invasive Non-Invasive 

Invasive 6434 2963 
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Non-Invasive 94 176 

 

Development of explainability models using SHAP 

Explainability models serve to reveal the variables that 

exert the greatest influence on the outputs of machine 

learning algorithms [26]. Among available 

interpretability techniques, the SHAP method was 

adopted, following the framework introduced by 

Lundberg and Lee [27] and applied in related studies by 

Moncada-Torres et al. [28] and Huang et al. [29]. 

Understanding the SHAP approach requires familiarity 

with Shapley values. These values represent the weighted 

average of an element’s marginal contributions across all 

possible coalitions in a cooperative game, thereby 

quantifying its overall contribution to the outcome [30]. 

The SHAP framework produces local SHAP values that 

quantify each variable’s contribution to the model’s 

prediction for an individual instance in the dataset [27]. 

These local values may be positive or negative, 

signifying that a given variable can either increase or 

decrease the likelihood of a particular outcome for the 

dependent variable [31]. Global SHAP values are derived 

from the local values and reflect each variable’s overall 

influence across the complete dataset [32]. They are 

computed as the mean of the absolute local SHAP values 

for that variable over all observations [31]. 

Once the optimal algorithm and corresponding 

hyperparameters were identified for both national and 

regional levels, the subsequent steps focused on model 

training, evaluation, and interpretation. The selected 

algorithm, SVM, was fitted to the training data for each 

regional dataset and the national dataset. To identify the 

most influential variables driving the predictions, we 

implemented the SHAP method. We chose 

KernelExplainer because it is compatible with SVM 

models. This explainer assesses model behavior by 

generating predictions across varied feature 

combinations through sampling and computes the 

average contribution of each feature [33]. We then 

divided the local SHAP values into two groups 

corresponding to contributions toward non-invasive and 

invasive cancer classifications. 

 

Results and Discussion 

 

Figure 5 presents the global SHAP values arranged along 

the horizontal axis, with variables ordered vertically from 

highest to lowest importance. Each horizontal bar 

illustrates the degree of influence of the respective 

variable, where bar length corresponds to the strength of 

its effect. The exact global SHAP value for each variable 

appears at the end of its bar. At the national level, the 

analysis identified the primary tumor site as the most 

influential variable, followed by geographical region, 

presence of multiple tumors, educational attainment, and 

sex.
 

 
Figure 5. Impact of the attributes at the national level (Source: Compiled by the author with data extracted from 

the research). 
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Similar to Figure 5 and Figure 6 illustrates the global 

SHAP values for every attribute across all Brazilian 

regions. In this visualization, each bar is segmented into 

distinct colors representing the five regions. The length 

and placement of these colored segments reflect each 

variable’s relative importance within the predictive 

models for each region, with longer segments indicating 

stronger influence.
 

 
Figure 6. Importance of attributes by region. 

 

Figure 7 illustrates how individual variables affect 

model predictions for cancer invasiveness, ranked by 

importance. Variables appear on the vertical axis, color-

coded according to the categories defined in Table 2 

(blue representing lower numerical codes and red higher 

codes). The horizontal axis displays local SHAP values, 

where positive values contribute toward an invasive 

classification and negative values toward a non-invasive 

classification. Point density indicates how frequently 

particular local SHAP values occur for each variable. In 

contrast, the distance of points from the central vertical 

line reflects the magnitude of their contribution to the 

final prediction.
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Figure 7. Attribute prediction pattern at the national level (Source: Compiled by the author with data extracted 

from the research). 

This investigation evaluated the influence of regional 

variables on predicting skin cancer invasiveness using 

explainable artificial intelligence, specifically the SHAP 

framework. The findings presented in Section 3 were 

examined against the three central objectives established 

in Section 1: evaluating the contribution of geographical 

region to predicting invasive versus non-invasive status, 

identifying region-specific variables associated with 

cancer invasiveness, and comparing regions based on the 

characteristics that shape invasive behavior. 

 

Influence of geographical region on predicting cancer 

invasiveness 

The assessment of the regional variable’s importance, as 

illustrated in Figure 5, shows that the primary tumor site 

is the dominant factor, with a markedly higher global 

SHAP value than all other variables. This indicates that 

the tumor’s anatomical origin plays a decisive role in 

determining its invasive potential. Although 

geographical region ranks as the second most influential 

variable, its global SHAP value is substantially lower, 

suggesting that while it contributes meaningfully to the 

prediction, its effect is secondary to that of tumor 

location. 

Figure 8 further supports this observation by showing 

mean local SHAP values by anatomical tumor site, 

stratified by geographical region and for Brazil overall. 

These results emphasize the effect of tumor location on 

invasiveness. Unlike Figure 5 and Figure 8 does not 

depict global SHAP values, since the presented averages 

are not absolute. Negative values in this figure 

correspond to contributions toward non-invasiveness, 

whereas positive values indicate contributions toward 

invasiveness.
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Figure 8. Impact of anatomic attributes by region. 

 

Despite its secondary position, the geographical region 

variable possesses a considerable global SHAP value that 

exceeds those of several other factors, including history 

of tobacco and alcohol consumption, ethnicity, and 

source of referral. This finding suggests a moderate but 

relevant influence of geographical region on predicting 

cancer invasiveness. Such importance may stem from 

underlying elements not directly captured by the model, 

such as disparities in healthcare availability, 

environmental exposures, or region-specific lifestyle 

patterns. Therefore, although not the leading predictor, 

geographical region contributes substantially to the 

model’s overall predictive capacity. 

 

Detection of region-specific patterns in predictions 

Examination of the global SHAP values in Figure 6 

uncovers notable differences among regions regarding 

the variables that influence predictions of skin cancer 

invasiveness in Brazil. In the South, the occurrence of 

multiple tumors emerges as a particularly strong 

predictor, with age group and gender also demonstrating 

meaningful contributions. This pattern suggests that 

demographic characteristics are particularly relevant in 

this part of the country. 

In the Southeast, the primary tumor location stands out as 

the overwhelmingly dominant factor, indicating that the 

anatomical site of origin is the main determinant of 

invasiveness. Although gender and age group exert some 

influence, their effects are comparatively modest, 

pointing to intricate interactions among biological 

variables in this region. The North presents a different 

profile, where age group exerts the strongest effect, 

possibly reflecting distinct demographic structures or 

localized risk exposures. Gender also plays a role, albeit 

to a lesser extent, highlighting potential gender-related 

differences in disease behavior. 
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In the Northeast, both primary tumor location and age 

group predominate, underscoring the combined 

importance of anatomical site and patient age in 

forecasting invasiveness. Gender also contributes, which 

may reflect differences in health-seeking behaviors and 

access to care between men and women in the region. In 

the Midwest, primary tumor location again shows the 

greatest impact, closely followed by age group. Together, 

these variables highlight the prominent roles of cancer 

type and patient age in determining invasiveness within 

this area. 

Overall, the regional analysis demonstrates that primary 

tumor location consistently ranks among the most 

influential predictors of skin cancer invasiveness across 

all regions of Brazil. Age group likewise emerges as a 

key factor in nearly every region, emphasizing the 

relevance of patient age in disease prognosis. Gender, 

despite variations in strength, remains significant 

nationwide. These differences illustrate the diverse and 

multifaceted factors driving skin cancer invasiveness 

across the country. 

 

Comparison of regional characteristics influencing 

cancer invasiveness 

In conjunction with the visualization in Figure 7, Table 

4 and Table 5 provide further clarity on the predictive 

profiles associated with invasive and non-invasive skin 

cancer throughout Brazil’s geographical regions. The 

tables present the ten most influential characteristics for 

each region, arranged by the country’s five major areas. 

Individual entries specify particular categories within 

attribute domains that are associated with increased risk 

of invasive disease.

 

Table 4. Patterns of invasive skin cancer prediction by region (Source: Compiled by the author with data extracted 

from the research). 

Rank Midwest Northeast North Southeast South 

1st 
Eyelid (Primary 

Tumor Site) 

030–039 (Age 

Category) 

000–009 (Age 

Category) 

Overlapping skin 

lesion (Primary 

Tumor Site) 

Eyelid (Primary 

Tumor Site) 

2nd 
070–079 (Age 

Category) 

Overlapping skin 

lesion (Primary Tumor 

Site) 

Non-SUS 

(Referral 

Source) 

Eyelid (Primary 

Tumor Site) 

Face (Primary 

Tumor Site) 

3rd 
Common-law union 

(Marital Status) 

Face (Primary Tumor 

Site) 

Common-law 

union (Marital 

Status) 

External ear (Primary 

Tumor Site) 

Overlapping skin 

lesion (Primary 

Tumor Site) 

4th 

Incomplete 

undergraduate degree 

(Educational 

Attainment) 

010–019 (Age 

Category) 

Self-referred 

(Referral 

Source) 

Face (Primary Tumor 

Site) 

No formal education 

(Educational 

Attainment) 

5th 

Completed 

undergraduate degree 

(Educational 

Attainment) 

020–029 (Age 

Category) 

040–049 (Age 

Category) 

Scalp and neck 

(Primary Tumor Site) 

010–019 (Age 

Category) 

6th 
Trunk (Primary 

Tumor Site) 

Eyelid (Primary 

Tumor Site) 

020–029 (Age 

Category) 

090–103 (Age 

Category) 

020–029 (Age 

Category) 

7th 
Scalp and neck 

(Primary Tumor Site) 

External ear (Primary 

Tumor Site) 

Separated 

(Marital Status) 

Common-law union 

(Marital Status) 

030–039 (Age 

Category) 

8th 

Current consumer 

(Tobacco 

Consumption History) 

000–009 (Age 

Category) 

010–019 (Age 

Category) 

Current consumer 

(Tobacco 

Consumption History) 

External ear 

(Primary Tumor 

Site) 

9th 
Separated (Marital 

Status) 

No formal education 

(Educational 

Attainment) 

No (More than 

One Tumor) 

Separated (Marital 

Status) 

Single (Marital 

Status) 

10th 
080–089 (Age 

Category) 

040–049 (Age 

Category) 

Eyelid (Primary 

Tumor Site) 
Yellow (Race) 

090–103 (Age 

Category) 
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Table 5. Patterns of non-invasive skin cancer prediction by region (Source: Compiled by the author with data 

extracted from the research). 

Rank Midwest Northeast North Southeast South 

1st 

Shoulders and upper 

extremities (Primary 

Tumor Site) 

Trunk (Primary 

Tumor Site) 

Yes (Family History 

of Cancer) 

Shoulders and upper 

extremities (Primary 

Tumor Site) 

Shoulders and upper 

extremities (Primary 

Tumor Site) 

2nd 
000–009 (Age 

Category) 

Shoulders and upper 

extremities (Primary 

Tumor Site) 

070–079 (Age 

Category) 

000–009 (Age 

Category) 

Hips and lower 

extremities (Primary 

Tumor Site) 

3rd 
030–039 (Age 

Category) 

No (More than One 

Tumor) 

Yes (History of 

Alcohol Use) 

No (More than One 

Tumor) 

No (More than One 

Tumor) 

4th 
010–019 (Age 

Category) 

Hips and lower 

extremities (Primary 

Tumor Site) 

Married (Marital 

Status) 

Trunk (Primary 

Tumor Site) 

Trunk (Primary 

Tumor Site) 

5th 
040–049 (Age 

Category) 

060–069 (Age 

Category) 

Completed 

elementary 

education 

(Educational 

Attainment) 

010–019 (Age 

Category) 
Female (Sex) 

6th 
020–029 (Age 

Category) 

090–103 (Age 

Category) 

Yes (More than 

One Tumor) 

Incomplete 

undergraduate degree 

(Educational 

Attainment) 

Indigenous (Race) 

7th 
Married (Marital 

Status) 
Female (Sex) 

SUS (Referral 

Source) 

Completed 

undergraduate degree 

(Educational 

Attainment) 

Black (Race) 

8th White (Race) 

Completed 

undergraduate 

degree (Educational 

Attainment) 

Former smoker 

(History of Tobacco 

Use) 

Hips and lower 

extremities (Primary 

Tumor Site) 

Brown (Race) 

9th 
Yes (Family History 

of Cancer) 

Married (Marital 

Status) 

Never smoked 

(History of Tobacco 

Use) 

Yes (Family History 

of Cancer) 

Analytic (Case 

Classification) 

10th 
Analytic (Case 

Classification) 

Yes (Family History 

of Cancer) 

Incomplete 

elementary 

education 

(Educational 

Attainment) 

Non-SUS (Referral 

Source) 

Separated (Marital 

Status) 

 

Predictive pattern for invasive skin cancer 

Figure 7 reveals that the dominant pattern for invasive 

skin cancer occurs more frequently in cases where the 

primary tumor is situated in the neck or superior body 

regions. The color scale reinforces this observation, and 

the regional analysis in Figure 8 corroborates it. The 

pattern is also more pronounced among patients 

receiving care in the North and Northeast regions of 

Brazil. Affected individuals span a wide age spectrum, 

ranging from 20 to 103 years, which suggests that age 

may interact with other variables rather than acting as a 

standalone determinant. 

Other contributing factors, though less dominant, also 

contribute to this predictive profile. These include lower 

educational levels, potentially linked to reduced health 

literacy, and marital status, with higher frequencies of 

legal separation or informal unions. 

Table 4 details the leading characteristics associated with 

invasive skin cancer predictions across the Midwest, 

Northeast, North, Southeast, and South. Regional 

differences are evident in the priority given to specific 

risk and demographic elements. For instance, in the 

Midwest, the strongest indicators include primary tumor 

on the eyelid, age group 070–079, and consensual union. 



Gonzales et al.                                                                                 J Med Sci Interdiscip Res, 2025, 5(2):163-176  
 

 

174 

In the Northeast, prominent features are age group 030–

039, overlapping skin lesions, and facial tumor location. 

The North highlights referral from non-SUS sources, 

consensual union, and age group 000–009. In the 

Southeast, face, overlapping lesions, and external ear 

locations predominate. In the South, eyelid and facial 

tumor sites, age group 010–019, and completion of a 

bachelor’s degree stand out. Variables such as age group, 

marital status, and tobacco consumption history appear 

consistently across several regions, indicating shared 

national risk tendencies. 

 

Predictive pattern for non-invasive skin cancer 

Figure 7 further identifies a characteristic profile for 

non-invasive skin cancer, which is more common in 

female patients with tumors below the neck, as also 

indicated in Figure 8. This pattern occurs more 

frequently in the South and Southeast regions. Again, a 

broad age distribution is observed, implying multifaceted 

interactions involving age and additional variables. 

Table 5 outlines the combination of demographic and 

clinical features linked to non-invasive predictions in 

each region. In the Midwest, notable factors include 

primary tumor sites on the shoulders and upper limbs, age 

group 000–009, married status, and white ethnicity. The 

Northeast features tumor locations on the trunk, 

shoulders, and upper limbs; female sex; age groups 060–

069 and 090–103; and bachelor’s degree attainment. In 

the North, relevant elements are family cancer history, 

age group 070–079, married status, elementary education 

completion, former tobacco use, and SUS referral. For 

the Southeast, important characteristics encompass 

shoulder and upper limb tumor sites, age groups 000–009 

and 010–109, absence of multiple tumors, incomplete 

bachelor’s degree, white ethnicity, and family cancer 

history. In the South, the profile includes tumor locations 

on shoulders, upper limbs, hips, and lower limbs, absence 

of multiple tumors, female sex, black or brown ethnicity, 

and separated marital status. 

 

Conclusion 

 

This research emphasizes the critical role of geographical 

variations within Brazil when predicting skin cancer 

invasiveness. By integrating predictive modeling with 

SHAP-based interpretations, the study demonstrates that 

region of residence not only directly influences the 

likelihood of invasive disease but also modifies the 

weight of other predictive variables, resulting in distinct 

regional signatures. Such findings stress the importance 

of developing customized, region-sensitive strategies to 

strengthen prevention and treatment outcomes for skin 

cancer. 

 

Validity threats 

Regarding validity concerns, the dataset shows a marked 

predominance of invasive over non-invasive cases. This 

imbalance poses an internal validity risk through possible 

model bias toward the majority class. Externally, the 

distribution may not mirror true population prevalence, 

which could constrain the applicability of results in other 

settings. Mitigation efforts, detailed in subsection 2.3, 

focused on selecting algorithms based on balanced 

accuracy performance. 

 

Future Research 

Subsequent investigations are encouraged to extend the 

current methodological framework to other commonly 

occurring cancers in Brazil, including breast and prostate 

cancer, to elucidate additional region-specific patterns 

and determinants. 
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