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Introduction

Cancer is a major public health challenge worldwide, and early identification of individuals
with a higher likelihood of cancer is important for improving health-related decision-making.
Cancer development is associated with interactions among genetic, environmental,
physiological, and lifestyle factors. Among these factors, smoking, alcohol consumption,
excess body weight, and physical inactivity are particularly relevant because some can be
modified through lifestyle interventions. Physical activity and body composition are therefore
important areas in which sports science can contribute to health promotion and cancer
prevention. Previous research has demonstrated associations between physical activity and the
risk of several cancer types. Nevertheless, the relationships between lifestyle indicators,
physiological characteristics, and cancer status are complex and may involve nonlinear
interactions. Conventional statistical approaches may not fully capture these relationships.
Machine learning methods offer an alternative approach by identifying patterns across multiple
variables and estimating the probability of a particular health outcome.

Recent studies have applied machine learning algorithms to cancer risk assessment using
lifestyle, genetic, and clinical information. Although promising predictive performance has
been reported, several methodological limitations remain, including limited external validation,
insufficient interpretation of sports-related variables, and inadequate assessment of potential
information leakage. In particular, the contribution of physical activity and body mass index
(BMI) to cancer prediction requires further examination alongside genetic and other individual
risk factors. The present study aimed to develop and evaluate a machine learning-based
framework for classifying cancer status using lifestyle and physiological indicators, with
particular attention to physical activity and BMI. Six classification algorithms were compared,
and feature importance and sensitivity analyses were performed to examine the contribution of
sports-related variables and the potential influence of personal cancer history on model
performance.

Methods

This study used a public cancer prediction dataset obtained from Kaggle, consisting of 1,500
records. The dataset was simulated and included eight independent input variables and one
binary outcome indicating cancer status (cancer or no cancer). The input variables were age,
sex, BMI, smoking status, genetic risk level, weekly physical activity, alcohol consumption,
and personal history of cancer. Weekly physical activity was recorded in hours per week, while
BMI was expressed in kg/m?. The dataset was divided into training and independent testing
subsets using a stratified 80:20 split, resulting in 1,200 training records and 300 testing records.
Stratification preserved the distribution of the outcome classes in both subsets. No missing
values were reported in the dataset. Feature standardization was performed within a processing
pipeline to prevent information leakage during model training and cross-validation. Class
weighting was also applied where supported to address the imbalance between cancer and non-
cancer records. Six machine learning algorithms were implemented: Logistic Regression,
Support Vector Machine with a radial basis function kernel, K-Nearest Neighbors, Gaussian
Naive Bayes, Random Forest, and Gradient Boosting. Hyper-parameters were optimized using
grid search and stratified five-fold cross-validation on the training data. The independent test
dataset was not used during preprocessing, hyper-parameter selection, or model selection and
was reserved for final evaluation.
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Model performance was assessed using accuracy, precision, sensitivity (recall), F1-score, and
the area under the receiver operating characteristic curve (ROC-AUC). Additional analyses
included decision-threshold evaluation, calibration assessment using the Brier score and
calibration slope and intercept, and estimation of 95% confidence intervals using 1,000
stratified bootstrap samples. Feature importance and model interpretation were examined using
feature-importance measures and SHAP values. Because the dataset did not specify the timing
of personal cancer history relative to the recorded cancer outcome, a sensitivity analysis was
conducted. In this analysis, personal history of cancer was removed, and all six algorithms were
retrained and evaluated using the remaining seven input variables. This procedure was used to
examine the extent to which model performance depended on this potentially problematic
variable. All analyses were conducted in Python using the Scikit-learn and SHAP libraries on
a standard computer without a graphics processing unit.

Results

Of the 1,500 records, 943 (62.87%) were classified as having no cancer and 557 (37.13%) as
having cancer. The overall mean age was 50.32 + 17.64 years, and the mean BMI was 27.51 +
7.23 kg/m*. Mean weekly physical activity was 4.90 = 2.87 hours. Compared with the non-
cancer group, the cancer group had a higher mean BMI (29.28 £ 6.65 versus 26.47 + 7.36 kg/m?)
and lower mean weekly physical activity (4.34 £2.97 versus 5.23 = 2.75 hours). Among the six
evaluated algorithms, Gradient Boosting demonstrated the best overall performance during
five-fold cross-validation on the training dataset. Its mean accuracy was 94.4% =+ 0.8%,
sensitivity was 89.5% + 1.2%, precision was 94.8% + 0.9%, F1-score was 92.0% + 1.0%, and
ROC-AUC was 97.1% + 0.5%. Random Forest achieved the next-highest ROC-AUC, at 96.4%
+ 0.6%.

On the independent test dataset, Gradient Boosting achieved an accuracy of 93.3%, sensitivity
of 88.8%, precision of 93.6%, specificity of 96.2%, Fl-score of 91.1%, and ROC-AUC of
95.8%. The confusion matrix included 177 true-negative, 103 true-positive, seven false-
positive, and 13 false-negative predictions. The 95% confidence interval for test ROC-AUC
was 93.6%—-97.7%. The Brier score was 0.054, with a calibration slope of 0.97 and an intercept
of —0.02. Feature-importance analysis indicated that personal history of cancer (21.4%) and
genetic risk (17.4%) were the most influential variables in the complete model. BMI accounted
for 13.3% of feature importance, followed by alcohol consumption (11.2%), sex (10.3%),
weekly physical activity (9.6%), age (9.6%), and smoking (7.1%). SHAP analysis also
indicated that higher weekly physical activity was associated with lower model-predicted
cancer probability, whereas higher BMI and smoking contributed to higher predicted
probability. The sensitivity analysis showed that removing personal history of cancer reduced
the Gradient Boosting ROC-AUC to 91.4% + 0.9% during cross-validation and 89.7% on the
independent test dataset. Test accuracy decreased to 87.3%. Importantly, after removing this
variable, the relative importance of BMI increased to 18.9%, while weekly physical activity
increased to 14.2%. Together, these two sports-related indicators accounted for 33.1% of the
model's total feature importance.

Discussion

The findings indicate that machine learning algorithms, particularly Gradient Boosting, can
identify patterns associated with cancer status using a combination of lifestyle, physiological,
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genetic, and personal-history variables in the examined dataset. The model achieved a test
ROC-AUC of 95.8%, while the sensitivity analysis demonstrated that its performance
decreased after removing personal history of cancer. This reduction highlights the importance
of examining potentially influential variables rather than relying solely on high overall
predictive performance. From a sports science perspective, the findings are particularly relevant
to BMI and weekly physical activity. In the complete model, these variables contributed to
cancer-status classification, and their combined relative importance increased to 33.1% after
personal history of cancer was excluded. The lower average physical activity and higher BMI
observed in the cancer group are consistent with the predictive patterns identified by the model.
However, these findings should be interpreted as statistical associations within the dataset, not
as evidence of causal effects. In particular, because the data are cross-sectional and simulated,
lower physical activity among individuals classified as having cancer may also reflect reverse
causation.

An important methodological issue concerns personal history of cancer. Since the dataset does
not provide the timing of this variable relative to the recorded outcome, information leakage
cannot be completely excluded. The decrease in model performance after removing this
variable demonstrates its substantial influence on classification. Therefore, the performance of
the complete model should be interpreted cautiously. This study has several limitations. The
dataset was simulated and relatively small, and external validation using real-world populations
was not available. Furthermore, more detailed sports-related measures, including physical
fitness, aerobic capacity, exercise intensity, sedentary behavior, and dietary patterns, were not
included. The findings therefore represent proof of concept rather than evidence of clinical
readiness.

Conclusion

In conclusion, the proposed machine learning framework demonstrated promising performance
in classifying cancer status in the examined dataset. BMI and weekly physical activity were
relevant predictive indicators, particularly when personal history of cancer was excluded. These
results highlight the potential contribution of sports-related variables to data-driven health
assessment. Nevertheless, the model should not be considered a clinically validated cancer
screening tool. Further research using larger, real-world, longitudinal, and independently
validated datasets is required to establish its generalizability and practical value in healthcare
and sports science.
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3. Logistic Regression

4. Machine Vector Support (SVM)
5. K-Nearest Neighbors (KNN)

6. Naive Bayes

7. Random forest

8. Gradient Boosting

7. Rabie El Kharoua
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1. Sensitivity Analysis
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1 . Stratified Train/Test Split
3. Scaler

4. Class Weigh

4. Hyperparameter Tuning

5. Grid Search

3. Fold Cross-Validation



vy OLes § (s | (TN &l 9 (b colled (S asls ol p Ol o 4 Sl Jloi] i
ol oles daJuo 3Slos wilipadly i)l 5 Vools i oy S el pokiie 4 35 b)) (g0l 4sgezme
Sl p 0 8 Sope opr b sileodly YoVl psrie ol b oSy il il dlex 51 5510 st
o 3390l slaosly ol 1 Bpo g ¥ise yn S35 3 ids 5 Jiues jsbes laodls (st pbie Jlite (et lis]
S eSSl da el Slodas (i (il sl 0,5 Jlosl 2bjyl ool (g9 g 9 <85 ploxil als
G jelyly) St (ygms)Sy sl 10,5 215y b ol @ il (laety oSl (gl gt (slad b ool (glasis
K[, 0 alued 3as) o5 dsbanen [V 52 ooV 1l 5 Co [0, ), Vo)) lusiis oy owsle §([Ve ,) ,ou) )]
16050 Fy) Siiwgs bal,S (sl g ¢((NONE Vv 0] 5es yiSlas g [Veo Nev 00 s 0 olaw) Bolas S (A Y

ot S 5 oo gyl 5l e IV D ] s Gas ySTas o [Yee Voo 0] e s sl Jo¥ o) yeue) ]

9 (N_estimators=Y++) cd Voo ol o) 6500 £ b (Kiiwgs Hbol,3) Limon opl $p Jde sl bayzal)l
bwg 5,Slas 3900 e b5y sl opiman b Jlas! olg Jde 55 45 sel cuwd 4 (Max_depth=0) & ses Sl
Sl o ab ad)S s b Jue plsisds Sitod e S) (s wpsll 29)S 6350k g Jory sl )sS)
Os0be (gilindin iy Jao (e g B gtel iyl o piae QB gl ol Jlire ey oS0l Al o ¥ laSds (gooeine
a8 g0me (55 Doadganabl (s =0 blite (oxiwyliel 3 (ROC-AUC) g 5Slas dasio (oo ) ol
03l (ol S 5 e 1) Jae (K cn eSS 0l upead bl I Jas ROC-AUC 15 005 (350!

Ba5 oy S 8E 2L ) el Cae 486 slajlre Glgiea FY Lol g Feoules

— Gl lizel ¢ A lgd sl « Aouo « Yeds ol (et 3kl (gloylas ) (clasgozmo b o Jus 3,Skes

51 a8 ol s cpl s b jlze () Ll s oduomis (ROC-AUC) i 3,Shos duasuio ioxio ) pdaw 9 VoS5
2 (M 2,8l Cowyd plwlis oUlg) Cawlue a5 s )d (bl 0080l 408 Wilgh o oyjlaiel (slaodly o slesay céd &
9 V) i O Jlite  srwojliel LB > b bl eled 1)S edlatul (Cuze WS (sl (638 pronal slajlial) oo
Sl by JoaSS e ecnl 2 9381 05 plosl s Jn galed (sl (a9 30kl SIS @ pmes (¥ aly Sl (359
) 3250 (il VY sl s (1) 135 L2 5 (LS5 o o sl Shonss Jto S (sl 55000

1. Data leakage

2. Pipeline

3. Fold

4 . GridSearchCV

5. Stratified ¢-Fold CV

6. Sensitivity

7. Accuracy

8. Precision

3. Sensitivity/Recall

4. Score-F1

11.Fold Cross-Validation-&
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7Python .

8 scikit-learn

9. Shaply

10. Graphics Processing Unit (GPU)
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