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Abstract

Introduction: Distant metastasis (M1) is the principal determinant of outcome in colorectal cancer (CRC). Identifying robust 
molecular and clinical predictors at diagnosis may improve risk stratification. 
Aim of the research: To develop and compare complementary statistical and machine‑learning models for predicting meta‑
static status and to synthesize convergent predictors. 
Material and methods: In a single-centre cohort (N = 54, M1 = 26, M0 = 28), we modelled a binary outcome – any type 
of CRC metastasis (M_any) using multivariable logistic regression (LR), Random Forest (RF), LASSO-penalized logistic re‑
gression, and Support Vector Machine (SVM). In a secondary analysis, we fitted a multinomial logistic regression with three 
categories Early_No_Mets (pT1-2M0), Advanced_No_Mets (pT3-4M0), and Metastatic (M1). Discrimination was summarized 
as AUC; classification metrics used native validation schemes (LR in-sample; RF out-of-bag [OOB]; SVM 10-fold cross-valida‑
tion [CV]). Reporting follows TRIPOD guidance.
Results: LR identified TP53 mutation as the  strongest predictor (OR = 3.47; 95% CI: 0.92–14.5; p = 0.073; AUC = 0.713). 
RF achieved OOB error of 40.74% (accuracy = 59.3%); top features were NRAS, TP53_pathway, TP53, WNT_pathway, and 
n_genes. LASSO (10‑fold CV) retained NRAS, TP53, and age (coefficients +1.15, +0.85, −0.02). SVM yielded AUC = 0.678, ac‑
curacy = 55.6%. The multinomial model revealed complete separation for NRAS in the Advanced_No_Mets group, preclud‑
ing standard MLE inference. 
Conclusions: TP53 (gene/pathway) is a consistent risk signal across methods; NRAS carries high importance in ensemble/
regularized models. Overall discrimination is modest, consistent with a small sample size; findings are hypothesis‑generat‑
ing and warrant validation.

Introduction

The incidence of early-onset colorectal cancer di‑
agnosed in patients under the age of 50 years has been 
increasing around the world. The clinical and patho‑
logical features, genetic and epigenetic landscapes, 
and emerging data on the associated clinical risk fac‑
tors are currently examined [1]. 

Distant metastasis at presentation is the dominant 
driver of prognosis in colorectal cancer (CRC). Glob‑
ally, CRC remains a  high‑burden malignancy with 
substantial incidence and mortality; contemporary 
epidemiology underscores the clinical need for early 
risk stratification [2]. 

Targeted next‑generation sequencing (NGS) en‑
ables high-depth, multi-gene profiling focused on 
clinically actionable hotspots at a fraction of the cost 
of whole-exome/genome sequencing, with improved 
sensitivity for low‑frequency variants [3, 4]. In paral‑
lel, systematic screening and molecular work‑up can 
support earlier detection and biologically informed 

care pathways that are associated at a population level 
with stage shift and improved outcomes.

Artificial intelligence (AI) algorithms have made 
significant progress in the medical field. Their wide‑
spread use in diagnosing and treating various types 
of cancer, particularly colorectal cancer (CRC) is gain‑
ing substantial attention. CRC, the  third most diag‑
nosed malignancy in both men and women, remains 
a  leading cause of  cancer-related deaths worldwide 
[5]. In this study, we analysed a single‑centre cohort 
profiled by a  50‑gene hotspot panel and developed 
complementary statistical and machine‑learning 
models to identify predictors of distant metastasis at 
diagnosis.

Aim of the research

To compare classical multivariable regression with 
ensemble and kernel methods and to synthesize con‑
vergent predictors of  M1 status at diagnosis, using 
a unified dataset and reporting aligned with TRIPOD.
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Material and methods
Cohort and outcome

We analysed N = 54 patients with histologically 
confirmed colorectal adenocarcinoma (NOS). The bi‑
nary endpoint was M_any (0 = no distant metastasis; 
1 = distant metastasis at diagnosis). Class counts: M0 
= 28 (51.9%), M1 = 26 (48.1%).

Inclusion and exclusion criteria

Patients with confirmed colorectal adenocarcino‑
ma (NOS) were included. Other histological subtypes 
were excluded due to their distinct molecular path‑
ways. Moreover, all immunohistochemistry confirmed 
microsatellite unstable tumours were rejected. Addi‑
tional exclusion criteria included prior radiotherapy 
or chemotherapy. Only patients with DNA of sufficient 
quality for next-generation sequencing (NGS) were eli‑
gible.

Age handling: Age was collected for all patients; 
primary analyses modelled age as a continuous pre‑
dictor. Age strata (≤ 50 vs. > 50 years) were used only 
for descriptive summaries and did not drive model 
specification.

Genomic profiling (NGS workflow)

Tumour genomic DNA was extracted from FFPE 
using MagCore kit according to the  manufacturer’s 
protocol. Libraries were prepared with AmpliSeq Li‑
brary PLUS for Illumina (Cancer Hotspot Panel v2), 
targeting 50 oncogenes/tumor suppressors (~2,800 
hotspot variants; 207 amplicons). Indexed libraries 
were quantified (Quantus®/QuantiFluor®), pooled 
equimolarly, denatured and diluted per Illumina 
guidance, and spiked with 5% PhiX. Sequencing was 
performed on MiSeq Dx with MiSeq Reagent Micro 
Kit v2 (300‑cycle). Standard demultiplexing and vari‑
ant calling pipelines were applied; downstream vari‑
ables included gene-level mutation flags, pathway 
indicators, and aggregate mutation counts used as 
predictors in the models.

Predictors

Clinical: age (years). Genes: TP53, KRAS_any (any 
type of mutation), NRAS_any (any type of mutation). 
Cancer pathway metrics: n_mutations (number of mu‑
tations), n_genes (number of  genes), n_genes_topN 
(number of genes with any positive N), hotspot count, 
truncating_burden, pathway indicators: WNT_path‑
way RAS, MAPK, pathway, PI3K pathway, TP53 path‑
way, TGF-β_pathway, and n_pathways_affected.

Models and validation
•	 Logistic regression (LR): prespecified predictors (age, 

TP53, KRAS_any, n_pathways_affected, n_genes_
topN); discrimination summarized as in‑sample AUC.

•	 Random Forest (RF): 500 trees (default mtry=4) us‑
ing 17 predictors; performance via OOB error; im‑
portance by Mean Decrease in Accuracy (MDA) and 
Gini [6].

•	 LASSO logistic regression: L1‑penalized model with 
10‑fold CV (lambda.1se). Predictors standardized 
(Z‑score) before penalization [7].

•	 Multinomial logistic regression: three categories—
Early_No_Mets, Advanced_No_Mets, Metastatic; 
separation diagnostics performed [8, 9].

•	 SVM (RBF): 10‑fold CV; tuning grid for C and γ; im‑
portance estimated via caret permutation [10].

Statistical analysis and software

We summarize accuracy, sensitivity, specificity 
from each model’s native validation (LR in‑sample; RF 
OOB; SVM CV). Analyses were performed in R (ran‑
dom forest, glmnet, caret).

Performance metrics and statistical
computations

For binary classification we additionally report: PPV 
(precision), NPV, F1‑score, balanced accuracy ((sensitiv‑
ity + specificity)/2), Youden’s J (sensitivity + specificity 
– 1), Matthews correlation coefficient (MCC), and Co‑
hen’s κ. [11–13] 95% CI for AUC in LR were computed 
using the  Hanley–McNeil method with n_{pos}=26$ 
and n_{neg}=28$ [14]. For a fixed threshold (0.5) in LR 
we derived likelihood ratios (LR+ = sensitivity/(1−spec‑
ificity); LR− = (1−sensitivity)/specificity) and diagnostic 
odds ratio (DOR = LR+/LR−).

Results

Logistic regression (baseline specification)

Model specification is presented in Table 1. We fit‑
ted a  multivariable logistic model with prespecified 
predictors (age [years], TP53, KRAS_any, n_pathways_
affected, n_genes_topN). The dependent variable was 
M_any (0/1).

Point estimates. TP53 exhibited the strongest asso‑
ciation with metastatic presentation: OR = 3.47 (95% 
CI: 0.92–14.5; p = 0.073). Effect sizes for the remaining 
covariates were small and not statistically significant: 
age OR = 0.97 (0.92–1.01), KRAS_any OR = 0.81 (0.19–
3.47), n_pathways_affected OR = 1.30 (0.49–3.53),  
n_genes_topN OR=  0.60 (0.23–1.45). The 95% CI for 
TP53 was closest to excluding 1 (Figure 1), suggesting 
a borderline adverse association consistent with bio‑
logical plausibility, albeit underpowered at N = 54.

Discrimination. The model’s AUC (in‑sample) was 
0.713 (95% CI: 0.574–0.852, Hanley–McNeil), indicat‑
ing acceptable but not high discrimination.

Classification at 0.5 threshold. Accuracy 64.8% 
(35/54); sensitivity 65.4% (17/26); specificity 64.3% 
(18/28); PPV 0.630 (17/27); NPV 0.667 (18/27); F1 0.642; 
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balanced accuracy 0.648; Youden’s J 0.297; MCC 
0.296; Cohen’s κ 0.296. Likelihood ratios: LR+ 1.83, 
LR− 0.54, DOR 3.40. These values indicate modest di‑
agnostic separation; the  LR pair suggests only small 
changes in post‑test probability at this cut point.

Interpretation and caveats. With class sizes bal‑
anced (M1 = 26, M0 = 28), the borderline TP53 signal 
and moderate AUC likely reflect limited sample size 
and wide CIs rather than absence of  effect. No cali‑
bration assessment is presented; external validation is 
required before clinical translation.

Random Forest (OOB)

Performance. OOB error 40.74% corresponds to ac‑
curacy 59.3%. The OOB confusion matrix (TN = 18, 
FP = 10, FN = 12, TP = 14) yields sensitivity 0.538, 
specificity 0.643, PPV = 0.583, NPV = 0.600, F1 = 0.560, 
balanced accuracy 0.591, Youden’s J = 0.181, MCC = 
0.182, κ = 0.182 (Table 1). The modest gain over chance 
is consistent with small‑N, multi‑feature settings.

Variable importance. Rank‑based importance 
(MDA/Gini) highlighted: 1) NRAS_any, 2) TP53_path‑
way, 3) TP53, 4) WNT_pathway, 5) n_genes (Figure 2). 
The  prominence of  NRAS_any – not included in 
the  baseline LR – suggests non-linear effects and/or 

interactions that are better captured by tree ensembles. 
Importance measures reflect predictive contribution 
and do not imply direction of effect.

Notes. OOB validation affords an internal perfor‑
mance estimate without a holdout set; however, OOB 
AUC was not computed here, and ranking can be af‑
fected by correlation among predictors.

LASSO‑penalized logistic regression

Using 10‑fold CV with the  lambda.1se criterion, 
the  final sparse model retained three predictors 
with non‑zero standardized coefficients: NRAS_any 
(β ≈ +1.15), TP53 (β ≈ +0.85), age (β ≈ −0.02). Selec‑
tion of NRAS_any alongside TP53 corroborates the RF 
ranking and indicates that, under regularization, both 
markers contribute unique predictive signal. The small 
negative coefficient for age implies a weak inverse re‑
lationship after standardization, but the magnitude is 
modest and should not be overinterpreted.

Multinomial logistic regression

No predictor reached conventional significance 
across category comparisons (Advanced_No_Mets vs 
Early_No_Mets; Metastatic vs Early_No_Mets). For 

Table 1. Multivariable logistic regression coefficients (baseline specification)

Predictor β (SE) OR 95% CI P-value

TP53 1.244 (0.703) 3.47 0.92–14.50 0.073

Age (per year) –0.030 (0.024) 0.97 0.92–1.01 0.193

KRAS_any –0.211 (0.741) 0.81 0.19–3.47 0.767

n_pathways_affected 0.262 (0.504) 1.30 0.49–3.53 0.595

n_genes_topN –0.511 (0.470) 0.60 0.23–1.45 0.266

Notes: β and SE are on the log-odds scale; SE was estimated from the reported 95% CI (normal approximation). Age effect is per 1-year 
increase.

Figure 1. Logistic regression – odds ratios with 95% CI (TP53, age, KRAS_any, n_pathways_affected, n_genes_topN)
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ed non‑linearity or insufficient sample size to capital‑
ize on RBF flexibility. Variable importance prioritized 
age, followed by TP53_pathway and TP53 (Figure 3).

Notes. Threshold‑dependent metrics (PPV/NPV/F1) 
are not reported for CV due to the  lack of  a  single 
pooled confusion matrix. Hyperparameters C and γ 
were tuned on a predefined grid.

Cross‑model synthesis

TP53 (gene/pathway) emerges as a consistent risk 
signal across modelling families (borderline in LR; 
high importance in RF and SVM; retained by LASSO).

Figure 2. Random forest – feature importance (rank; 1 = highest): NRAS_any, TP53_pathway, TP53, WNT_pathway, n_genes
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Figure 3. SVM (RBF) – Feature Importance (rank; 1 = highest): age, TP53_pathway, TP53, WNT_pathway, KRAS_any
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NRAS_any in Advanced_No_Mets, the  analysis ex‑
hibited complete separation (no events among cases), 
rendering standard MLE coefficients/p‑values non‑es‑
timable. Penalized likelihood (e.g., Firth correction) 
or category consolidation would be appropriate rem‑
edies but were outside the present scope.

SVM (RBF; cross‑validated)

Discrimination. AUC = 0.678 with accuracy = 
55.6%, sensitivity = 50.0%, specificity = 61.7%, bal‑
anced accuracy = 0.559. The  kernelized margin did 
not materially outperform LR, suggesting either limit‑
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NRAS_any shows high importance in RF and is se‑
lected by LASSO, indicating added predictive value 
not captured in the baseline LR specification; its rank 
is lower in SVM.

Age is non‑significant in LR but ranks highest in 
SVM and carries a small negative LASSO coefficient, 
suggesting a  weak trend contingent on model class/
regularization.

KRAS_any does not exhibit compelling indepen‑
dent contribution once other variables are considered.

Synopsis. A  pragmatic two‑feature signature 
(TP53, NRAS_any) recurs across methods, with age as 
an auxiliary factor. Overall discrimination is moder‑
ate, consistent with N = 54 and the breadth of predic‑
tors. These findings are hypothesis‑generating and 
motivate harmonized cross‑validation and external 
validation.

Performance summary 

Performance summary was presented in Table 2.

Discussion
Our convergent findings suggest that TP53 muta‑

tion status and the presence of NRAS mutation may 
support risk stratification for distant metastasis at 
the  time of  diagnosis. A  pragmatic, testable frame‑
work is to treat TP53-mutant and/or NRAS-mutant 
tumours as high risk within a  simple, multivariable 
score that also includes age. In practice after exter‑
nal validation and calibration – such a score could be 
used to: prioritize more intensive baseline staging and 
closer early postoperative surveillance for patients 
above a prespecified risk threshold; inform multidis‑
ciplinary decision-making in perioperative planning 
when occult dissemination is a  concern; and finally 
select patients for clinical trials evaluating biologically 
directed treatment escalation/de-escalation strategies. 

Prediction models are developed to help health care 
providers in estimating the clinical outcome (diagnostic 
models) or that a specific event will occur in the future 
(prognostic models). However, much evidence unveiled 
that the quality of reporting of prediction model stud‑
ies is poor. Only with full and clear reporting of infor‑
mation on all aspects of a prediction model can risk 
of bias and potential usefulness of prediction models 
be adequately assessed. The  Transparent Reporting 
of  a  multivariable prediction model for Individual 
Prognosis Or Diagnosis (TRIPOD) Initiative developed 
a set of recommendations for the reporting of studies 
developing, validating, or updating a prediction model, 
whether for diagnostic or prognostic purposes [15–19].

We emphasize, however, that our models show 
moderate discrimination and were derived from  
N = 54; therefore, these markers should not be used 
in isolation to guide therapy. Independent validation, 
calibration assessment, and decision-curve analysis are 
required before clinical deployment.Ta
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Across complementary methods, TP53 emerges as 
a robust marker associated with metastatic presenta‑
tion, while NRAS_any contributes strongly in non‑lin‑
ear/regularized settings. Discrimination (AUC: 0.68–
0.71) is modest, which is expected for N = 54 with 
heterogeneous genomic inputs and balanced classes. 

The  multinomial model diagnosed separation, 
highlighting the importance of penalized likelihood in 
small samples. Method choices and validation schemes 
shape apparent performance; therefore, we emphasize 
consilience of signals over direct metric comparisons.

Limitations: Small, single‑centre cohort; differ‑
ent validation paradigms across models (in‑sample vs 
OOB vs CV); potential overfitting despite penaliza‑
tion; separation affecting multinomial estimates.

Conclusions

A minimal signature comprising TP53 and NRAS_
any (with age as an auxiliary factor) recurs across inde‑
pendent modelling families. While predictive ability is 
moderate, these findings are hypothesis‑generating and 
motivate external validation and calibration assessment.
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