Pathologic Complete Response in Lung Cancer
from Structured Clinical Records:
A Retrospective Interpretability Study
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Abstract. Pathologic complete response (pCR) is a recognized sur-
rogate of long-term survival in non-small-cell lung cancer (NSCLC).
Through a retrospective analysis, this study investigates which struc-
tured features of the Electronic Health Record (EHR) are associated with
pCR, how stable these associations are across different inductive biases,
and whether the patient cohort exhibits identifiable subgroup structure.
On a cohort of 101 NSCLC records, we compare Logistic Regression,
Random Forest and XGBoost under a stratified group cross-validation
protocol grouped by patient identifier. Each best estimator is subjected
to a comprehensive interpretability analysis combining absolute Pearson
correlation, mutual information, univariate tests and permutation im-
portance into a consensus ranking, complemented by SHAP, Recursive
Feature Elimination, k-Means subgroup discovery and a pairwise inter-
action screen. Logistic Regression attains the best test MCC (0.372).
The consensus ranking consistently identifies a recurring set of features
related to lymph-node clearance, post-surgical staging, treatment regi-
men and histology across all three models, indicating stable associations
regardless of the inductive bias. The subgroup analysis links the lowest-
PCR cluster to incomplete molecular profiling. These findings indicate
that structured EHR data, analyzed through interpretable models, yields
consistent associations with pCR in lung cancer.
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1 Introduction

Lung cancer is the leading cause of cancer-related mortality worldwide, account-
ing for more than 1.38 million deaths every year [9]. Non-small cell lung cancer
(NSCLC) represents 80 — 85% of all cases and its prognosis depends strongly on
stage at diagnosis, with five-year overall survival ranging from 92% for small,
localized lesions to 26% for invasive disease [7]. Neoadjuvant chemotherapy,
chemo-radiation [I4] and immune-checkpoint inhibitors [I0] are the cornerstones
of treatment, and their efficacy is commonly summarized by the pathologic com-
plete response (pCR), i.e. the absence of residual malignant cells in the resected
specimen. pCR is a recognized surrogate of long-term survival, and the identi-
fication of clinical features associated with pCR may support therapy planning
and the stratification of patients with different response profiles.

Electronic Health Records (EHRs) collect structured items (demographics,
staging, molecular markers, treatment regimens, surgical procedures, toxicity
events) together with unstructured free-text narratives [18]. Prior work com-
bining both sources achieved an MCC of 0.371 on a cohort of 67 NSCLC pa-
tients [15]; notably, structured variables alone already reached an MCC of 0.333,
suggesting that a substantial fraction of the association signal resides in the
structured component. Predictive performance, however, is only one dimension
along which a clinical decision-support tool should be evaluated. In precision on-
cology, cohorts are small and heterogeneous, and clinicians need to understand
which variables drive a prediction and whether the learned reasoning is consis-
tent with established medical knowledge [I]. A single global score is unlikely to
reach the bedside without transparent, clinically inspectable evidence. Tabular
classifiers such as Decision Trees, Random Forests, SVMs and gradient-boosted
ensembles are the historical workhorse of oncological prognostic modeling on
structured EHR data and remain competitive with deeper architectures on small
clinical cohorts [6/17]. pCR has been studied as a surrogate endpoint across mul-
tiple cancer types [Bl4T6], yet most approaches concentrate on raw predictive
performance and devote limited attention to interpretability. Univariate statis-
tical tests, mutual information [11]], permutation importance [2], SHAP [13] and
Recursive Feature Elimination [§] are individually applied in various clinical pre-
diction tasks, but a systematic analysis consolidating these methods into a con-
sensus ranking, complemented by subgroup discovery and pairwise interaction
screening, has not been applied to pCR prediction in NSCLC from structured
EHR data.

Motivated by this gap, the present study focuses exclusively on structured
EHR features and revisits pCR prediction on an updated institutional cohort
of 101 NSCLC records. We compare Logistic Regression, Random Forest and
XGBoost under a stratified group cross-validation protocol grouped by patient
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identifier, and apply a suite of complementary interpretability techniques con-
solidated into a consensus ranking. We further cluster patients into subgroups
with potentially different response patterns and screen pairwise feature interac-
tions to surface candidate combination biomarkers. Together, these retrospective
analyses investigate which structured EHR features are consistently associated
with pCR across models and whether the cohort exhibits identifiable subgroup
structure

2 Materials and Methods

We analyze the structured clinical features extracted from the EHR of an insti-
tutional cohort, training three classifiers under a patient-level cross-validation
protocol and probing them with a systematic interpretability analysis.

2.1 Dataset and Protocol

The dataset is drawn from the EHR system of a single oncological center and
comprises N = 101 records belonging to NSCLC patients treated with neoadju-
vant therapy followed by surgical resection, with a positive pCR rate of 34.65%.
This cohort is an updated and extended release of a previously described col-
lection [I5], which originally included 67 patients. The analysis is retrospective:
the feature set includes both pre- and post-surgical variables, as the objective is
to identify stable associations with pCR rather than to develop a preoperative
prediction tool.

For each record, D = 192 structured features are extracted, organized into
the following clinical categories: demographics (sex, age at diagnosis) and an-
thropometrics (height, weight), smoking history, histological subtype (adenocar-
cinoma, squamous cell carcinoma, neuroendocrine, poorly differentiated), molec-
ular marker testing status and results (EGFR, ALK, ROS1, KRAS, BRAF, RET,
NTRK, HER2, MET, PDL1), clinical and pathological TNM staging, neoadju-
vant treatment scheme and regimen, radiotherapy parameters, surgical proce-
dure, lymph-node clearance, toxicity events and follow-up status. Categorical
attributes are one-hot encoded; missing entries are retained as a dedicated level
rather than imputed or discarded, so that incomplete molecular profiling is itself
informative.

A 21-record held-out test set (20% of the records) is drawn uniformly at ran-
dom with a fixed seed and set aside before any model fitting. Hyperparameters
are tuned on the remaining 80 records via 5-fold stratified group cross-validation,
which simultaneously groups records by patient identifier and stratifies by target
so that no patient appears in more than one fold. The selected estimator is then
refitted on the full training set and evaluated on the untouched test fold; given
the limited test set size, all reported metrics should be interpreted as indicative
and consistent with the exploratory nature of this study.
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2.2 Classifiers and Metrics

Three classifiers with distinct inductive biases are compared: Logistic Regres-
sion (LR), a linear baseline with calibrated probabilities; Random Forest (RF),
a bagged ensemble; and XGBoost (XGB), a gradient-boosted ensemble. Each
model is tuned via exhaustive grid search over a predefined hyperparameter
space: LR over the regularization strength C' € {0.01,0.1,1,10,100} with L2
penalty and balanced class weights; RF over the number of trees € {100, 200, 500},
maximum depth € {None, 10, 20, 30}, minimum samples per split € {2, 5,10} and
minimum samples per leaf € {1,2,4}; XGB over the number of boosting rounds €
{100, 200,400}, maximum depth € {3,6,10}, learning rate € {0.01,0.1,0.3} and
subsample ratio € {0.6,0.8,1.0}. The optimization target is the Matthews Cor-
relation Coefficient (MCC), which remains balanced under class imbalance [3],
and evaluated on both the training-validation phase (CV MCC) and the inde-
pendent test set. On the test set we additionally report Accuracy, Precision,
Recall, F1, ROC-AUC and the confusion matrix at the default 0.5 threshold.

2.3 Interpretability Analysis

Once the best estimator f is fixed for each classifier, we apply a suite of eight
complementary analyses organized into three groups: model-agnostic statisti-
cal methods, model-based attributions, and structural analyses. Four of these
methods are consolidated into a consensus ranking.

Model-agnostic statistical methods Three univariate analyses capture dif-
ferent forms of feature—target association independently of the fitted model.
(i) Absolute Pearson correlation measures linear associations between each fea-
ture and the binary target. (ii) Mutual information, estimated through the
Kraskov—Stogbauer—Grassberger algorithm [I1], detects non-linear and thresh-
old effects that linear measures miss. (i11) Univariate hypothesis tests provide a
per-feature score and p-value: the chi-square test is used when all features in the
training matrix are non-negative (as is the case after one-hot encoding), and the
ANOVA F-test otherwise.

Model-based attributions Three techniques exploit the structure of the fit-
ted model. (iv) Permutation importance [2] repeatedly shuffles each feature on
the test set and measures the induced drop in ROC-AUC, producing a global,
model-specific ranking. (v) SHAP [13] distributes each prediction across fea-
tures through model-aware explainers, producing both a global ranking and per-
instance attributions; SHAP outputs are reported alongside the consensus but
not aggregated into it. (vi) Recursive Feature Elimination (RFE) 8] iteratively
prunes the least important feature until a parsimonious panel of K = 20 features
remains.
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Structural analyses Two methods look beyond single-feature scores. (vii) Sub-
group discovery: training records are clustered with k-Means (k = 3, chosen as
a minimal partition that allows comparison across response levels while remain-
ing interpretable on a small cohort). This method is retained as an exploratory
tool despite the predominantly binary feature space, as the goal is to identify
broad response patterns rather than geometrically precise clusters. For tree-
based estimators, dominant per-cluster features are obtained by refitting a clone
of f within each cluster. (viii) Pairwise interaction screen: for the top K = 15
features ranked by the model, the element-wise product X. ;, © X. j, is substi-
tuted for column j; and the absolute change in score is measured for each pair
(41, 72); the training set is used to avoid the high variance that would result from
evaluating interactions on the 21-record test fold. Pairs exceeding a threshold
w > 7 = 0.01 are retained as candidate interactions. For LR, which does not
provide a native feature ranking, the first K = 15 columns of the encoded matrix
are used instead.

Consensus ranking The four per-feature scores from methods (i)—(iv) live on
different scales. We convert each into a feature-wise rank 7, ; and define the
consensus as 7; = ﬁ Zn]\le Tm,; With M = 4, then re-rank 7; to obtain the
final position of each feature. This rank-based aggregation is robust to outliers
from any single method and stabilizes the identification of reliable features in
the low-sample regime [12]; the RFE selection mask is reported as a supplemen-
tary indicator. Note that Pearson correlation and univariate tests are not fully
independent on binary feature spaces, which may reduce the effective diversity
of the consensus.

3 Experiments and Results

We evaluate the three classifiers on the institutional cohort under the protocol
described in Sec. 2] and organize the results around four research questions:
predictive performance (RQ1), stability of feature attributions across models
(RQ2), cohort heterogeneity (RQ3) and pairwise feature interactions (RQ4).

3.1 Predictive Performance

Table [T] reports the performance of the three classifiers on the institutional co-
hort. LR achieves the highest test MCC (0.372) and F1 (0.571), with a linear
model whose coefficients are directly interpretable. RF presents a contrasting
profile: it attains the highest CV MCC (0.389) and test ROC-AUC (0.740),
indicating strong threshold-free discrimination, but its hard predictions at the
default 0.5 threshold collapse to a near-random MCC (—0.040) and a recall
of 0.125, a discrepancy consistent with probability miscalibration that would re-
quire a calibration step before clinical deployment. XGBoost achieves a moderate
test MCC (0.240) and the lowest test ROC-AUC (0.625).
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Table 1. Performance of the three classifiers on the institutional cohort. Best value
per column is in bold.

Model CV MCC Test MCC ROC-AUC Acc. F1 Recall

LR 0.245 0.372 0.664 0.714 0.571 0.500
RF 0.389 —0.040 0.740 0.571 0.182 0.125
XGB 0.369 0.240 0.625 0.667 0.364 0.250

Table 2. Top features by consensus ranking (lower = more informative). Features in
the top-20 of all three runs are marked with *.

Feature LR RF XGB
PN _CLEARANCE_ LINFONODALE SI* 1.75 1.75 1.75
PTNM_YPTONO « 10.00 4.00 45.25
RET non eseguito * 39.38 9.50 10.88
DIAGNOSI _Carcinoma Squamoso 16.50 — 56.75
BOOST _SI 19.12 24.12 35.38
RISPOSTA SD * 28.50 36.00 49.75
HER2 non eseguito 43.50 40.50

EGFR _negativo 23.50 23.00

KRAS negativo — 21.88 42.12
PTNM_PT3NO % 52.00 25.38 41.38

3.2 Stability of Feature Attributions

Table [2| reports the top entries of the consensus ranking across the three classi-
fiers. The lymph-node-clearance indicator PN CLEARANCE LINFONODALE
_ ST ranks first for all three models, with a consensus value of 1.75, an abso-
lute Pearson correlation of 0.573, a mutual-information score of 0.155, and RFE
selection in every run. Other features recurring in the top positions across all
three rankings include the post-surgical staging codes PTNM YPTONO and
PTNM_PT3NO, the absence of RET testing (RET non eseguito), the radio-
therapy boost (BOOST SI) and the stable disease label (RISPOSTA SD).
The high ranking of PTNM _YPTONO, the post-surgical pathological staging
code corresponding to pCR itself, reflects its direct association with the target
rather than independent predictive information, and should be interpreted ac-
cordingly. Two further features appear in the top-20 of two out of three rankings:
squamous-cell histology (DIAGNOSI _ Carcinoma Squamoso, LR and XGB) and
untested HER2 (HER2 non eseguito, LR and RF). Permutation importance re-
veals that XGB relies on a sparser subset of features than LR and RF.

3.3 Cohort Heterogeneity and Feature Interactions

k-Means with £ = 3 partitions the training set into three subgroups of size
18, 55 and 7 patients, with empirical pCR rates of 38.89%, 32.73% and 28.57%,
respectively. The ordering by pCR rate is monotonic across clusters. The smallest
cluster (C3) limits the robustness of per-cluster claims, yet inspection of the per-
cluster feature means indicates that Cs is enriched in advanced staging codes and
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in missing molecular marker values, suggesting that the lowest-pCR subgroup is
also the one with the highest degree of incomplete molecular profiling.

The pairwise interaction screen exhibits a strongly model-dependent pat-
tern. For LR, which does not provide a native feature ranking, the analysis
uses the first K = 15 feature columns of the encoded matrix (see Sec. [2.3),
which correspond to the continuous covariates; the resulting interaction ma-
trix is dense, with ALTEZZA x SIG/DIE, ALTEZZA x ETA and ALTEZZA
x DURATA RT all reaching w = 0.663, and ALTEZZA xPDL! attaining
w = 0.613. These values must be interpreted with care: they indicate that per-
turbing any of these continuous columns shifts the LR decision surface, but they
are not selected on the basis of predictive importance. XGB recovers a differ-
ent picture, with interactions concentrated around squamous-cell histology: the
strongest pair is DIAGNOSI Carcinoma Squamoso x TOX ESOFAGEA G1
(w = 0.050), followed by interactions of the same histology with chemother-
apy regimen, surgical procedure and the ypTONO staging code [I4]. RF returns
a near-degenerate matrix in which all top pairs share the same first feature
(RET _non eseguito) and have w = 0 indicating that the ensemble relies on
PN _CLEARANCE LINFONODALE SI (permutation importance 0.263) plus
a few additive contributors, with no detectable second-order structure.

4 Discussion and Conclusions

On small, class-imbalanced NSCLC cohorts, the primary value of a systematic
analysis of structured EHR features lies in clarifying the structure of the avail-
able evidence and identifying stable associations between clinical variables and
pCR. The MCC of 0.372 attained by LR matches the best result reported in prior
work [15], suggesting that the current cohort size and feature set define a perfor-
mance ceiling that larger cohorts, multimodal inputs (e.g. imaging or radiomics),
or patient-tailored models would be required to overcome. The miscalibration of
RF reinforces this interpretation: when the operating point matters — and in
pCR prediction it does, since the predicted class drives treatment selection —
simpler models with well-calibrated probabilities can outperform more flexible
alternatives, and threshold-aware metrics such as MCC remain indispensable.
The large discrepancy between CV MCC (0.389) and test MCC (—0.040) for RF
further suggests overfitting on the small training fold, compounding the miscal-
ibration effect.

The recurrence of the same top-ranked features across LR, RF and XGB
is the principal empirical contribution of this work: the consensus ranking is
unlikely to reflect artifacts of a specific inductive bias, and the biological plau-
sibility of the emerging associations (lymph-node clearance, post-surgical stag-
ing, squamous histology, radiotherapy boost, response category) lends further
support to their clinical relevance. The subgroup analysis is exploratory given
the size of the smallest cluster (n=7), yet the observation that the lowest-pCR
subgroup concentrates the highest density of missing molecular marker values
constitutes a data-driven hypothesis warranting prospective investigation. The
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main limitations are the cohort size (101 records, single-center); the inclusion of
post-surgical features in the structured EHR, which precludes direct application
in a preoperative setting and limits the scope of the analysis to retrospective
association discovery; the consequent variance of the 21-record test fold; the re-
striction of the interaction screen to pairwise effects; and the associative rather
than causal nature of all reported explanations. Finally, treatment-related fea-
tures such as radiotherapy boost and response category are conditioned on the
administered therapy rather than on pre-treatment patient characteristics, and
their role should be interpreted with caution.

Future work will pursue four directions: cohort extension through a multi-
center effort; integration of NER-driven free-text encoding alongside counterfac-
tual explanations constrained to clinically modifiable features; introduction of
probability calibration and threshold-aware training objectives; and exploration
of higher-order interactions and multimodal extensions incorporating radiomics
features, with the long-term objective of a prospective clinical evaluation.
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