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M AT E R I A L S  S C I E N C E

Integrating structurally defined DNA-carbon nanotube 
sensors with machine learning for cancer detection
Piaoyi Chen1†, Xin Zheng2†, Yinong Li1, Jian Li1, Xuan Zhou1, Yawei Wen1, Jialong Liu1,  
Pengbo Wang1, Xiaohui Li2, Runzhe Chen3, Zhiwei Lin1,4*

Liquid biopsy is a promising, noninvasive approach for cancer detection, but current methods often trade off ac-
curacy, operability, and cost. To address these limitations, we introduce an artificial perception system (APS) for 
liquid biopsy that combines a structurally defined DNA-carbon nanotube sensor array with machine learning (ML) 
models. The array produces multichannel fluorescence fingerprints from serum, which are decoded by ML models 
to classify disease state. In a total of 253 serum samples spanning liver, lung, and ovarian cancers and noncancer 
controls, the APS achieved mean sensitivity of 89% and specificity of 96%. Notably, early-stage lung cancer was 
detected with 92% sensitivity and 95% specificity at an estimated cost of ∼$4 USD per test. Insights from SHAP 
analysis and Mantel test revealed the detection mechanisms of APS, supporting biological plausibility and clinical 
translation. These results highlight a path toward accurate, scalable, and affordable multicancer detection and 
early cancer screening.

INTRODUCTION
Liquid biopsy represents a promising, noninvasive methodology for 
cancer detection, aiming to read disease states directly from acces-
sible biofluids (1–3). Existing approaches include targeted molecular 
assays [e.g., circulating tumor DNA (ctDNA) panels] and untargeted 
“profile” assays (e.g., high-dimensional proteomics/metabolomics) 
(4–6). A third, complementary paradigm, perception-based sensing, 
seeks to classify complex biochemical mixtures by their holistic fin-
gerprint rather than by resolving or quantifying individual constituents 
(7–9). A recent success in this area uses single-wall carbon nano-
tubes (CNTs) coated with single-stranded DNA (10–13) or other 
polymers (14–16) to create a chemically rich corona that mediates 
selective interactions with proteins (17, 18), lipids (19, 20), metabolites 
(21–24), ions (25, 26), virus (27), and disease-relevant molecules 
(28, 29). Notably, Heller and colleagues established the machine percep-
tion liquid biopsy (MPLB) paradigm, achieving high-performance 
detection of ovarian cancer (OC) (29) and intracranial tumors (30) 
using DNA-coated and sp3 defect-modified CNTs.

Despite these successes, a fundamental strategic challenge per-
sists: Current perception-based sensors often rely on chirality-mixed 
CNTs or stochastic DNA functionalization. These approaches intro-
duce a degree of structural heterogeneity such as batch-dependent 
variations in defect density or DNA/polymer conformation, which 
can obfuscate cross-batch normalization and limit the “learning 
transfer” required for broader clinical adoption. In contrast, bio-
logical olfaction relies on receptors that are genetically encoded and 

folded into precise, deterministic structures (Fig. 1A). This structural 
rigor allows the brain to decode stable, reusable representations of 
complex odors across diverse environments (31, 32).

In this context, we here report an artificial perception system 
(APS) founded on structure-defined, defect-free DNA-CNT arrays. 
Unlike previous work that used stochastic sensor engineering, the 
APS leverages enantiomerically pure, single-chirality CNTs (scCNTs) 
wrapped with well-defined DNA motifs that we recently established 
(33). These DNA-scCNT hybrids provide not only subnanometer 
structural uniformity but also deterministic optical footprints, en-
suring that every sensor channel yields a reproducible response 
profile (34). By mimicking the combinatorial logic of olfactory per-
ception, the APS transforms subtle serum perturbations into high-
dimensional, cohort-specific fingerprints (Fig. 1B).

Our results demonstrate that this structurally-defined array, cou-
pled with ensemble machine learning (ML), achieves the simultane-
ous discrimination of liver cancer (LC), lung cancer (LuC), and OCs 
from noncancer (NC) samples with an average accuracy of 88.9% in 
an external validation cohort. Crucially, when applied to the formi-
dable task of early-stage cancer screening, the APS achieved a sensi-
tivity of 92% and a specificity of 95%, with a projected cost of only 
∼$4 USD per test. These findings highlight the substantial clinical 
potential of the APS for noninvasive, cost-effective cancer detection 
and early screening. By transitioning from structural heterogene-
ity to defined molecular precision, this work may establish a unified 
diagnostic framework. This reproducible sensor array mimics bio-
logical perception to continuously learn and interpret the complex 
molecular signatures of the serum multiome, providing a versatile 
interface for emerging clinical applications.

RESULTS
Construction of multiplexed DNA-scCNT sensor array
We constructed a multiplexed DNA-scCNTs sensor array using six 
structurally defined single-chirality species, including (GGC)2(GC)3-
(−)(6,4), TTA(TAT)2ATT-(−)(6,5), C2(GCCCC)2-(+)(7,3), C3GC6
GC4-(−)(7,5), T3C3T3C6-(−)(8,3), and C3(CCG)3-(+)(9,1). Each 
nanotube with a defined helicity and handedness is wrapped with its 
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resolving DNA sequence (Fig. 1, C and D, and fig. S1). These DNA 
strands adopt periodically ordered conformations with distinct 
and well-defined helical pitches (33), as exemplified by the atomic 
force microscopy (AFM) measurements of the C3(CCG)3-(+)(9,1) 
(Fig. 1E). The ordered DNA wrapping, coupled with the specific 
nanotube chirality, imparts a unique binding affinity for analytes, 
thereby enhancing the ability of DNA-scCNT sensors to differentiate 
analytes (33). Each sensor exhibits narrow, characteristic absorption 
and photoluminescence (PL) spectra, enabling the highly sensitive, 
high-resolution detection of minute environmental changes (34). 
The six-sensor panel provides multiplexed readouts that characterize 

serum samples from diverse physiological status, generating robust 
signature patterns (i.e., fingerprints) indicative of diseases state.

Analysis of sensing response datasets
We measured the PL spectral responses of the six sensors to serum 
samples collected from patients with three highly lethal malignan-
cies: LC, LuC, and OC, as well as from NC individuals. As illustrated 
in Fig. 2A, the (8,3) sensor displayed distinct PL spectral responses 
to the four cohorts of samples. Compared to the baseline spectrum, 
both LC and NC serum resulted in PL enhancement, with NC 
exhibiting a more pronounced increase. Exposure to LuC and OC 

Fig. 1. APS for cancer detection. (A) Working principle of the human olfactory perception. Upon exposure to odorant molecules, olfactory receptors generate percep-
tual signals, which are interpreted by brain for odor recognition. (B) Working principle of the APS. Upon exposure to serum from different cohorts, DNA-scCNT sensors 
produce cohort-specific fingerprint optical responses, which are decoded by ML models for disease recognition. (C) Schematic illustration of three representative DNA-
scCNTs used to construct sensor arrays. Each nanotube is wrapped with its resolving DNA sequence, forming a distinct, ordered wrapping conformation. (D) Photolumi-
nescence (PL), absorption, and circular dichroism (CD) spectra of a representative sensor, C3(CCG)3-(+)(9,1). Spectral data for other sensors are provided in fig. S1. (E) AFM 
height (top), phase (middle) images, and pitch measurement (bottom) of C3(CCG)3-(+)(9,1).
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serum resulted in PL quenching, with the LuC sample inducing a 
more pronounced reduction. In addition, the PL peaks exhibited 
various degrees of blue shifts ranging from 1.0 to 3.1 nm after serum 
treatment (Fig. 2B). In contrast to (8,3), we observed distinctly dif-
ferent spectral patterns in the (7,3) sensor (Fig. 2E). All four samples 
triggered quenching effects on the PL intensity, with varying degrees 
of quenching. Meanwhile, the serum-induced peak shifts exhibited 
a trend opposite to that of the (8,3) sensor, with red shifts ranging 
from 1.0 to 2.3 nm (Fig. 2F). Representative responses of the other 
four sensors are shown in fig. S3. These distinct sensor responses 
from individuals in each group contribute to the construction of 
unique fingerprint profiles for specific cohorts. In contrast, chirality-
mixed DNA-CNT sensors displayed severe spectral overlap and an 
indistinguishable response across four cohorts (fig. S4), highlighting 
the importance of our chirality-purified sensors in developing APS.

To ensure that these observed response differences are system-
atic, we performed statistical analysis on sensor array datasets from 
154 serum samples (nLC = 39, nLuC = 39, nOC = 38, and nNC = 38). 

Two spectral variables were calculated: relative PL intensity changes 
(I − I0)/I0 (ΔI/I0) and peak shifts λ − λ0 (Δλ). The results of sig-
nificance tests for the (8,3) and (7,3) sensors are shown in Fig. 2, C 
and D and G and H, while the data for the remaining four sensors 
are presented in fig. S5. Statistically notable differences in sensor re-
sponses, with distinct patterns for each sensor, were observed across 
four cohorts. This indicates that each sensor contributes uniquely to 
sample discrimination. For instance, the (8,3) sensor demonstrated 
marked differences between LuC versus NC and OC versus NC 
(Fig. 2, C and D), while the (7,3) sensor revealed more pairs with 
notable differences (Fig. 2, G and H). Notably, the LC-LuC and LC-
OC pairs, indistinguishable by (8,3), can be differentiated by (7,3). 
These distinct spectral responses offer valuable information for mul-
ticategory differentiation. However, individual sensors cannot sta-
tistically distinguish all four cohorts, necessitating a holistic sensor 
array analysis. This mirrors the human olfactory system, where indi-
vidual receptors alone cannot identify specific scents, but collective 
responses of multiple receptors enable discrimination.

Fig. 2. Optical responses of DNA-scCNT sensors to various cancer and noncancer serum specimens. (A to D) for T3C3T3C6-(−)(8,3) and (E to H) for C2(GCCCC)2-(+)(7,3). 
(A and E) Representative PL spectra of T3C3T3C6-(−)(8,3) and C2(GCCCC)2-(+)(7,3) treated with liver cancer (LC), lung cancer (LuC), ovarian cancer (OC), and noncancer (NC) 
serum. The PL spectra of sensors in 20 v/v% fetal bovine serum (FBS) was used as the baseline. (B and F) Normalized PL spectra in (A) and (E), highlighting peak shifts. 
(C and G) Statistical analysis of relative PL intensity modulations (ΔI / I0) and (D and H) wavelength shifts (Δλ), treated with 154 serum samples from four cohorts (nLC = 39, 
nLuC = 39, nOC = 38, and nNC = 38). Bar heights and error bars represent mean ± SD across each cohort and each data point represents the mean of three replicate measure-
ments. Statistical significance: *P < 0.05, **P < 0.01, and ***P < 0.001 (two-tailed tests). (I) Heatmaps of standardized PL intensity modulations (dint) for six DNA-scCNT 
sensors treated with 154 serum samples.
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We then integrated the responses from each sensor to create the 
fingerprints for each cohort. To this end, we standardized the two 
spectral variables (dint and dwl) collected from 154 samples using 
Z-score normalization (Fig. 2I and fig. S6). The resulting heatmaps 
revealed differences across the four cohorts; however, analyzing 
them effectively through visual inspection proves challenging. These 
spectral signatures exhibit intricate interdependencies and nuanced 
variations, requiring advanced analytical approaches capable of de-
tecting these subtle yet discriminative patterns embedded within the 
high-dimensional data space.

Development of cancer detection models
We first conducted principal components analysis (PCA) to visualize 
the data structure (Fig. 3A). On the PC1-PC2 plane, the 95% confi-
dence ellipses show partially shifted centroids but substantial over-
lap. The first two components captured only 44.7% of total variance 
(table S2), indicating that the sensor features are largely indepen-
dent (fig. S7) and that projecting the data onto two-dimensions en-
tails considerable information loss. We therefore proceeded with 
supervised models using the full feature set.

ML algorithms were developed to decode the fingerprints of four 
groups, thereby establishing an effective APS for intergroup discrimi-
nation. We evaluated seven candidate algorithms, including artifi-
cial neural networks (ANNs), random forest (RF), extreme gradient 

boosting (XGB), linear discriminant analysis (LDA), support vec-
tor machines (SVMs), logistic regression (LR), and decision trees 
(DT). On the basis of 12 features of six sensors, we implemented a 
one-versus-rest training scheme across all models. Hyperparam-
eters for each algorithm were optimized through Bayesian opti-
mization (35) (table S3), and model performance was assessed 
using both F1 scores and the area under the receiver operating 
characteristic curve (AUC), calculated from fivefold nested cross-
validation (CV).

Our preliminary algorithm assessment revealed that ANN, RF, 
and XGB achieved higher F1 scores and AUC values than other 
algorithms (Fig. 3B and fig. S8). Detailed performance metrics are 
presented in fig. S9. We thus selected the three top algorithms for 
further refinement and optimization (figs. S10 to S12). Consequent-
ly, RF and XGB outperformed ANN (Fig. 3C), with mean F1 scores 
and AUC values of 0.83 or higher. Additional performance metrics 
validated the robust classification efficacy of RF and XGB (fig. S13), 
and highlighted their complementary nature: RF was superior in 
OC and NC recognition, while XGB excelled in LC and LuC detec-
tion (fig. S14). This complementarity prompted the development of 
an RF + XGB ensemble model, which outperformed both the indi-
vidual RF and XGB algorithms (Fig. 3C).

To quantify the performance gains from our optimization strat-
egy and monitor for overfitting, we conducted a systematic ablation 

Fig. 3. Development of ML models for multicancer detection. (A) PCA of DNA-scCNTs sensor responses to 154 samples. Ellipses represent 95% confidence intervals 
(CIs). (B) Preliminary screening of seven algorithms based on F1 scores. (C) Performance metrics (F1 scores and AUC values) for refined individual algorithms (ANN, RF, and 
XGB) and the RF + XGB ensemble model. (D) Average F1 scores and (E) ROC curves for LC, LuC, OC, and NC classification using the refined RF + XGB ensemble model. 
(F) F1 scores achieved with varying numbers of sensor combinations using the ensemble model. Each point represents a specific sensor combination. In (B) to (F), data are 
presented as mean ± SD, derived from fivefold cross-validation (CV). (G to I) External validation on 54 samples (nLC = 15, nLuC = 11, nOC = 13, and nNC = 15) using the refined 
ensemble model: (G) F1 scores, (H) ROC curves with respective AUC values, and (I) confusion matrix, where the numbers indicate sample counts and the color scale rep-
resents accuracy percentages.
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study. Removing engineered features led to a notable decline in the 
overall F1 score from 0.90 to 0.85 (fig. S15), confirming that the ex-
panded feature space captures critical latent interactions inaccessible 
to raw features alone. Furthermore, while RF and XGB each per-
formed robustly as standalone models, their ensemble consistently 
yielded notable improvements in both AUC and F1 score (fig. S16). 
This synergy validates our modeling approach, which effectively in-
tegrates the variance-reduction strengths of bagging with the bias-
minimization efficiency of boosting.

Performance of APS in multicancer recognition
Given the superior performance of the RF + XGB ensemble, we fur-
ther refined this model by optimizing both algorithm weights and 
hyperparameters to achieve better integration (fig. S17), and applied 
it to cancer classification. As shown in Fig. 3D, the model achieved 
impressive F1 scores for LC (0.86), LuC (0.91), OC (0.92), and NC 
(0.92), with reduced variance, indicating consistent performance 
across validation folds. Furthermore, the model demonstrated robust 
AUC metrics ranging from 0.89 to 0.95 across all categories (Fig. 3E). 
We then investigated the relationship between the feature set and 
model efficacy. The performance metrics consistently improved with 
the increasing number of sensors (Fig. 3F and fig. S18), and the per-
mutation importance analysis (table S5) confirmed that all features 
contributed without redundancy, collectively demonstrating an 
optimal complexity-efficiency balance of our system. These results 
suggest that the APS is capable of simultaneously and efficiently rec-
ognizing multiple cancers.

To further assess the validity of the established APS, an exter-
nal validation was conducted on 54 serum samples, including LC 
(n = 15), LuC (n = 11), OC (n = 13), and NC (n = 15). It achieved F1 
scores of 0.87 (LC), 0.83 (LuC), 0.83 (OC), and 1.00 (NC) (Fig. 3G), 
along with AUC values of 0.96, 0.95, 0.95, and 0.99, respectively 
(Fig. 3H). These findings confirm the effective discrimination across 
different cohorts. Notably, the confusion matrix showed an overall 
accuracy of 88.9% [95% confidence interval (CI): 77.4 to 95.8%], with 
a sensitivity of 89% (95% CI: 79.3 to 96.4%) and a specificity of 96% 
(95% CI: 93.4 to 98.8%) (Fig. 3I and fig. S19). These external valida-
tion results further strengthen the feasibility of our APS for multi-
cancer detection.

Detection mechanism of APS
To unravel the detection mechanism of APS, we implemented 
SHapley Additive exPlanations (SHAP) analysis (36). The SHAP sum-
mary plot systematically demonstrates how the value of each feature 
influences the model’s output. Taking the classification of LC as an 
example, high values of the feature dint (7,3) strongly drove positive 
predictions for LC, whereas high values of dwl (9,1) opposed this 
classification (Fig. 4A). This pattern is further clarified in individu-
al force plots. For a representative LC-positive sample, all features 
collectively produced a final SHAP value of 0.86, substantially 
higher than the baseline (0.288), resulting in the identification of LC 
(Fig. 4B). In contrast, for a non-LC case (Fig. 4C), the collective fea-
ture contributions yielded a SHAP value of 0.03, falling below the 
baseline and consequently leading to the classification of non-LC. 
The divergence in these outcomes is primarily driven by the distinct 
input values of key features, such as the lower dint (7,3) value in the 
non-LC case, which reduced the likelihood of LC classification. Ad-
ditional results and discussion for the classification of other three 
cohorts are presented in fig. S20.

While correlating output results with input feature values sheds 
light on the APS decision-making mechanism, a more fundamental 
question remains: What is the biochemical basis for the specific fin-
gerprints generated by the sensor array? To address this question, 
we collected the concentrations of 17 established tumor biomarkers 
(three for LC, seven for LuC, and seven for OC) from 146 patients 
with cancer and analyzed the correlation between these biomarker 
levels and the response of individual sensors using Spearman correla-
tion analysis. This analysis revealed 13 groups of appreciable associa-
tions (fig. S21). For example, in LC samples, the level of carbohydrate 
antigen 19-9 (CA19-9) showed a negative correlation with the dint 
(6,5) feature (Fig. 4D). In LuC samples, a similar negative correlation 
was observed between neuron-specific enolase (NSE) and dint (8,3) 
(Fig. 4E). Additional examples for such correlations are shown in 
fig. S22. It is noteworthy that the same tumor markers could induce 
different optical responses across various diagnostic groups. For ex-
ample, while alpha-fetoprotein (AFP) showed no observable correla-
tion with any feature in LC samples, it exhibited distinct interaction 
patterns in OC specimens, with a positive correlation to dwl (9,1) 
(Fig. 4F) and a negative correlation to dwl (8,3) (fig. S22J). Similar 
context-dependent response was also observed for other markers, 
such as human chorionic gonadotropin-β (HCG-β; fig. S22, B to D, 
versus H) and NSE (fig. S22F versus Fig. 4E). These findings sug-
gest that complex, group-specific serum microenvironments shape 
sensor-marker interactions that go beyond individual biomarkers, 
regulating the intergroup discrimination.

Titration experiments in pooled cancer serum matrices further 
validated the robustness and anti-interference capacity of these context-
dependent signatures (fig. S23). In the LC cohort, for instance, the 
(6,5) sensor exhibited a notable concentration-dependent intensity 
decrease in response to CA19-9, a marker biologically linked to he-
patic perturbations, while maintaining wavelength stability (fig. S23A), 
aligning with our Spearman correlation results. Crucially, clinically 
irrelevant markers for the respective cancer types elicited negligible 
or substantially attenuated responses compared to target-associated 
markers (fig. S23, B and C). This selective sensitivity underscores the 
ability of the APS to distinguish pathogenic signals from nonspecific 
molecular fluctuations within complex biological backgrounds.

We next used Mantel test to elucidate how the sensor array en-
codes serum samples among different diagnostic groups. Instead 
of analyzing each of tumor markers individually, they were treated 
collectively as representations of the serum microenvironment. By 
conceptualizing each serum sample as a point in multidimensional 
space, with each marker concentration defining a spatial coordinate, 
we explored the correlations between the overall serum environ-
ments and sensor responses. This analysis provides mechanistic 
insights into how the serum environment shapes sensor behavior, 
addressing the limitations of individual marker-sensor analyses. As 
illustrated in Fig. 4G, serum from the three cohorts demonstrated 
cohort-specific correlations. LC samples exhibited strong correla-
tions with the features dint (9,1), dint (6,5), dint (6,4), dwl (7,5), dwl 
(6,5), and dwl (6,4), while LuC samples demonstrated distinct cor-
relations with dint (9,1), dint (8,3), dint (7,3), and dint (6,5). Sim-
ilarly, OC samples strongly correlated with dint (7,5), dint (6,4), 
dwl (8,3), and dwl (6,4). These distinct and sophisticated correlations 
between the features of sensor array and the biomarker panels en-
code the unique fingerprints for each diagnostic group. Notably, the 
feature heatmap in the right panel of Fig. 4G highlights the low in-
terfeature correlations (with statistical significance and correlation 
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values detailed in table S6), ensuring that the fingerprints of each 
diagnostic group are largely independent and, thus, distinguishable.

Individual biomarkers often have limited diagnostic accuracy 
for cancer due to their narrow representation of physiological sta-
tus (37, 38). In contrast, the APS uses DNA-scCNT arrays to detect 
a wide range of serum components, including both various estab-
lished biomarkers and potentially unidentified cancer-associated 

substances (29). This method generates signature sensing pat-
terns that more comprehensively represent the physiological 
status across different cohorts (39). These patterns are then interpret-
ed by ML models, substantially improving diagnostic accuracy 
compared to traditional one-to-one recognition paradigms. This 
process is analogous to how human perceive and discriminate 
multiple stimuli.

Fig. 4. Mechanism analysis of APS for cancer detection. (A) SHAP summary plot showing feature contributions in the LC classifier, with purple and cyan dots indicating 
higher and lower feature values, respectively. Features are ranked by importance from top to bottom, and the distribution patterns illustrate their impact on classification 
probability. (B and C) Force plots illustrating the influence of individual feature values on SHAP values and their contribution to final predictions in representative LC and 
non-LC samples. Red arrows indicate features driving predictions toward LC classification, whereas blue arrows show features opposing this classification. (D to F) Linear 
regression analysis between sensor features and tumor marker concentrations: (D) for CA 19-9 and dint (6,5) in LC, (E) for NSE and dint (8,3) in LuC, and (F) for AFP and dwl 
(9,1) in OC. Dashed lines indicate 95% CIs, and solid lines indicate regression fits. (G) Correlation analysis between tumor marker matrices and sensor features across cancer 
cohorts. Distance matrices (left) derived from cancer-specific tumor markers are correlated with each DNA-scCNT spectral response data via Mantel test. Line thickness 
indicates correlation significance; orange/blue represent positive/negative correlations. The heatmap (right panel) shows interfeature correlations of sensor responses, 
where color intensity indicates correlation magnitude and hue indicates direction.
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Early-stage cancer detection by APS
Early-stage cancers are much more challenging to detect due to the 
small tumor size, minimal biomarker alterations, and subtle physi-
ological changes. Detecting them using noninvasive biofluid-based 
methods presents a formidable challenge (40–42). We hypothesize 
that the APS may effectively capture these subtle differences in se-
rum profiles, enabling the identification of incipient malignancies. 
To test this hypothesis, we applied the APS to detect early-stage can-
cer. Given the inherent scarcity of early-stage malignant samples, we 
focused on patients with LuC at early clinical stages (TNM ≤ stage 
I) for this study. However, we emphasize that our approach can be 
readily extended to other early-stage cancers, once sufficient samples 
become available. A total of 134 samples were used, including 36 
early-stage LuC and 98 NC samples (53 from the established cohort 
and 45 from an additional cohort). Of these, 62 samples (nearly-LuC = 
24; nNC = 38) were allocated for model training, and the rest of 
72 samples were used for independent external validation. Initial 
statistical analysis indicated notable differences in the optical re-
sponse of sensors between early LuC and NC cohorts (Fig. 5A and 
fig. S24). However, PCA results show limited separability between 
the two cohorts (Fig. 5B), with the first two principal components 
accounting for only 40.2% of the total variance.

We reevaluated the established algorithms and identified an op-
timal RF + LDA ensemble model (fig. S25). This model demonstrated 
excellent performance in discriminating early-stage LuC from NC 
samples, achieving an average F1 score of 0.89, AUC of 0.93, sensi-
tivity of 91%, and specificity of 92% in CV (Fig. 5C). External valida-
tion was conducted using an independent sample set comprising 

12 early-stage LuC and 60 NC samples. This sample distribution 
presents a more challenging scenario for validating the effectiveness 
of APS, as it requires achieving high sensitivity for early-stage can-
cer detection, while simultaneously maintaining high specificity to 
minimize false positives among healthy individuals. Remarkable re-
sults were achieved, with an F1 score of 0.85, AUC of 0.94, sensitiv-
ity of 92% (95% CI: 61.5 to 99.8%), and specificity of 95% (95% CI: 
86.1 to 99.0%) (Fig. 5D). The confusion matrix further illustrates the 
noteworthy outcomes (Fig. 5E). The overall accuracy reached 94% 
(95% CI: 86.4 to 98.5%), with a corresponding positive predictive 
value (PPV) of 79% (95% CI: 49.2 to 95.3%) and negative predictive 
value (NPV) of 98% (95% CI: 90.8 to 100.0%). These metrics dem-
onstrate the APS’s dual capability: identifying true early-stage LuC 
cases and reliably ruling out disease in negative results. We acknowl-
edge that the real-world prevalence of early-stage LuC in general 
screening populations is substantially lower than the 1:5 ratio in this 
cohort, which would reduce PPV in practice. Nevertheless, the high 
NPV is expected to remain robust at lower disease prevalence. This 
positioning makes the APS a valuable tool for oncology screening 
workflows, particularly in high-risk populations where maximizing 
sensitivity and ensuring a reliable negative consensus are of primary 
clinical importance.

Clinical utility of APS
To evaluate the clinical utility of APS, we compared its performance 
with biofluid-based approaches for early-stage LuC detection (Fig. 5, 
F and G). The measured concentrations of LuC markers in most pa-
tients’ serum fall below the reference thresholds recommended by 

Fig. 5. Early-stage cancer detection. (A) Standardized PL intensity modulation in the representative (6,4) sensor for the early-stage LuC and NC groups. ****P < 0.0001 
(two-tailed tests). (B) PCA of the early-stage LuC and NC groups, with 95% CIs shaded. The analyses in (A) and (B) were performed using data from 134 participants 
(nEarly LuC = 36 and nNC = 98) with six DNA-scCNT sensors. (C) Performance metrics of the RF + LDA ensemble model, evaluated using fivefold nested CV on the training set 
(n = 62). (D) Performance of the RF + LDA model on the external validation cohort (n = 72) and (E) corresponding confusion matrix, where the numbers indicate sample 
counts and the color scale shows accuracy percentages. (F) Sensitivity of early-stage LuC detection based on the concentrations of individual tumor markers we measured 
(pink) and reported in the literature (orange), with clinical guideline-recommended cutoff values. (G) Sensitivity of early-stage LuC detection using our APS compared to 
other liquid biopsy methods reported in the literature. (H) Cost comparison of early-stage cancer screening using our APS and other liquid biopsy methods. Error bars 
represent SD.
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clinical guidelines (table S7), leading to an overall sensitivity range 
of 7 to 48% (Fig. 5F, pink bars). This is consistent with the findings 
of a comprehensive literature review (43–47), which reported an av-
erage sensitivity of 30% for single biomarker screening in ≤ stage 
I LuC (Fig. 5F, orange bar). Current liquid biopsy approaches with 
established clinical utility typically achieve an average sensitivity of 
50 to 60% at specificities above 90% (43–47), suggesting that a sub-
stantial proportion of positive cases remain undetected. While di-
rect performance comparisons are inherently limited by differences 
in patient populations and study designs, the high sensitivity ob-
served for APS at equivalent specificity suggests its potential to en-
hance diagnostic yield as a complementary modality (Fig. 5G).

Beyond analytical performance, we estimated the cost of cancer 
detection using APS to be approximately $4 USD per test (table S8). 
This is far lower than the current liquid biopsy techniques, such 
as ctDNA and DNA methylation sequencing, which typically cost 
around hundreds to thousands of dollars per test (Fig. 5H and 
table S8). Collectively, these attributes establish the APS as a promising, 
cost-effective, high-throughput candidate for accessible population-
level screening programs.

In addition to its exceptional performance in multicancer and 
early-stage cancer detection, the APS is a highly modular platform, 
with DNA-scCNT sensing channels that can be easily modified and 
expanded, and ML models that can be continuously improved using 
state-of-the-art algorithms. This configurability facilitates the devel-
opment of customized diagnostic solutions tailored to diverse clini-
cal needs. Moreover, our method requires only 0.5 ml of serum for a 
complete analysis, rendering it highly amenable to integration into 
routine clinical screening protocols. This substantially enhances its 
clinical utility and potential for real-world applications.

DISCUSSION
In summary, we have developed a perception-based liquid biopsy 
platform that integrates structure-defined DNA-scCNT sensor ar-
rays with ensemble ML models to accurately detect liver, lung, and 
ovarian cancers from serum. Notably, our strategy demonstrated 
exceptional performance in detecting early-stage cancers. Mecha-
nistic analysis revealed that disease-specific fingerprints arise from 
differential fluorescence modulation of the sensor array in distinct 
serum milieux, shedding light on the biochemical basis underlying 
classification. Compared with existing liquid biopsy technologies, 
our strategy offers a high-performance, cost-effective, and stream-
lined alternative for early cancer detection. These improvements sig-
nify a paradigm shift in diagnostics, from the detection of isolated 
biomarkers to the systematic interpretation of holistic serum profiles.

Perception-based sensing is a compelling paradigm; by captur-
ing integrated physiological patterns, it offers an untargeted strategy 
capable of detecting low-abundance signatures and uncharacterized 
disease-associated biomarkers that often evade conventional targeted 
assays. While previous success with defect-modified CNTs validated 
the feasibility of this approach, the transition to structurally defined 
DNA-scCNT sensors addresses the long-standing challenge of sen-
sor heterogeneity. By ensuring each sensor species is characterized 
by a molecularly defined structure, we achieved robust multicancer 
discrimination within our study cohorts. This structural precision 
provides a foundational pathway for standardized quality control, 
a prerequisite for future clinical translation and cross-site repro-
ducibility. Furthermore, the scalability of the DNA-scCNT platform 

offers a versatile framework for the potential incorporation of novel 
diagnostic indications.

While the current study establishes the APS as a robust platform, 
its transition into routine clinical practice necessitates further valida-
tion across several dimensions. First, the current cohort serves as an 
important proof-of-concept but requires expansion into larger, mul-
ticenter prospective studies to ensure generalizability across diverse 
and larger patient populations. Second, from a technical perspective, 
systematic assessments of calibration transfer and long-term inter-
batch stability are essential to ensure performance consistency across 
different manufacturing lots and clinical environments. Last, mov-
ing beyond retrospective analysis to prospective clinical trials will be 
fundamental to establishing the real-world predictive utility and di-
agnostic validity of this sensing paradigm.

MATERIALS AND METHODS
Materials
CoMoCAT single-walled CNTs powders (tradename SG65i) were 
purchased from Sigma-Aldrich. Oligomers of single-stranded DNA 
were purchased from Sangon Biotech. Polyethylene glycol (PEG; 
molecular weight of 6 kDa, Alfa Aesar), potassium sodium tartrate 
tetrahydrate (C4H12KNaO10, Sigama-Aldrich), disodium hydrogen 
phosphate (Na2HPO4), sodium dihydrogen phosphate (NaH2PO4), 
dipotassium hydrogen phosphate (K2HPO4), potassium dihydrogen 
phosphate (KH2PO4), sodium thiocyanate (NaSCN), sodium acetate 
(NaAc), and phosphate-buffered solution (PBS; 1 M, pH = 7.4), were 
all procured from J&K Scientific unless otherwise specified. Fetal 
bovine serum (FBS) was purchased from Gibco. CA19-9 (puri-
fied), HCG-β (purified), and AFP (purified) were purchased from 
Sangon Biotech.

Preparation of structurally defined DNA- scCNTs
DNA-CNT dispersions were prepared following previously reported 
procedures (34, 48, 49). SG65i CNT powders (1 mg) and DNA oligos 
(2.5 mg) were sonicated in 1-ml aqueous solution under different 
buffer conditions depending on the target CNT species: Sodium 
phosphate buffer (NaPB; 30 mM, pH = 4) was used for purifying 
C3(CCG)3-(+)(9,1), C2(GCCCC)2-(+)(7,3), and (GGC)2(GC)3-(−)
(6,4); sodium chloride (NaCl, 30 mM) was used for C3GC6GC4-(−)
(7,5) and TTA(TAT)2ATT-(−)(6,5); and NaPB (30 mM, pH = 7) was 
used for T3C3T3C6-(−)(8,3).

Structurally defined DNA-scCNTs were isolated through chirality-
specific aqueous two-phase (ATP) extraction protocols. Specifically, 
(9,1), (7,3) and (6,4) chiralities were purified using a 7:3 PEG/Na+ 
system. For other chiralities, the systems were adjusted as follows: 
(8,3) was extracted using a 7:3 PEG/Tar system; (7,5) was purified 
using a 7:3 PEG/K+ system; and (6,5) was isolated using a 7:3 PEG/
Tar system. The detailed formulations for these ATP systems are 
summarized below:

1) System 7:3 PEG/K+: PEG 6 kDa [13.6 weight % (wt %)], K2H-
PO4 (8.8 wt %), KH2PO4 (4.84 wt %), and ultrapure water (72.76 wt %).

2) System 7:3 PEG/Na+: PEG 6 kDa (12.3 wt %), Na2HPO4·7H2O 
(12.2 wt %), NaH2PO4·H2O (4.43 wt %), and ultrapure water (71.07 wt %).

3) System 7:3 PEG/Tar: PEG 6 kDa (18.2 wt %), C4H12KNaO10 
(19.4 wt %), and ultrapure water (62.4 wt %).

In a typical ATP separation, 3 volumes of DNA-CNT dispersions 
(60.0 μl) were mixed with 7 volumes of 7:3 stock solutions (140.0 μl). 
The mixtures were vortexed and subsequently centrifuged at 15,000g 
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for 3 min at room temperature to facilitate phase separation. The 
partitioned DNA-scCNTs in the top phase solution were collected, 
treated with 0.5 M NaSCN, and centrifuged to obtain the pellets, 
which were then redispersed in 10 mM PBS.

UV-vis-NIR absorption spectroscopy
Ultraviolet-visible–near-infrared (UV-vis-NIR) absorption spectra 
were collected on a Hitachi UH-5700 spectrophotometer from 200 
to 1350 nm, using a 1 cm path length quartz microcuvette. All spec-
tra were obtained with background subtraction.

PL spectroscopy
PL spectra were collected using a NS Super NanoSpectralyzer (Ap-
plied NanoFluorescence, Houston, TX) with an excitation wavelength 
of 660 nm. The spectra were recorded at room temperature.

CD spectroscopy
Circular dichroism (CD) measurements were performed on a Jasco 
J-1700 spectropolarimeter equipped with a 1-cm quartz cuvette. 
Spectral data were acquired across 780 to 200 nm wavelength range 
at 0.2 nm resolution with background correction.

Clinical serum samples
A total of 253 waste serum samples were obtained from diverse 
patient populations under a protocol approved by the Sun Yat-sen 
University Cancer Center Institutional Review Board (license num-
ber: B2025-104-01). Samples were collected between August 2023 
and August 2025 in accordance with the Declaration of Helsinki. 
As this study used residual clinical specimens obtained from rou-
tine blood draws, involved no direct participant contact or inter-
vention of any kind, and posed no greater than minimal risk to 
participants, informed consent was waived by the Institutional 
Review Board.

Cancer blood samples were drawn prior to any systemic treat-
ment, surgery, or chemotherapy. LC cases (n = 54) were all primary 
hepatocellular carcinoma, confirmed by histopathological examina-
tion and classified by attending oncologists according to the China 
Liver Cancer staging system: stage Ia (n = 9), Ib (n = 4), IIa (n = 5), 
IIb (n = 3), IIIa (n = 13), and IIIb (n = 11); staging information was 
unavailable for nine cases. Sex distribution was 44 male and 10 
female, with a median age of 54 years (range, 28 to 77). LuC cases 
(n = 50) comprised adenocarcinoma (n = 35), squamous cell carci-
noma (n = 11), and other histological types (n = 4), spanning TNM 
stages IA1 through IIIB; 10 cases lacked explicit stage documenta-
tion in medical records. Sex distribution was 25 male and 25 female, 
with a median age of 64 years (range, 38 to 83). OC cases (n = 51) 
included high-grade serous carcinoma (n = 11), clear cell carcino-
ma (n = 7), endometrioid carcinoma (n = 2), granulosa cell tumor 
(n = 2), and other or histologically unspecified subtypes (n = 29), 
staged according to FIGO criteria from stage I through IVC. Median 
age was 51 years (range, 13 to 85). All diagnoses were established 
through comprehensive medical record review incorporating histo-
pathological examination of biopsy or surgical specimens, validated 
by board-certified oncologists. Patients were excluded if they had a 
prior history of malignancy, concurrent autoimmune or inflamma-
tory disease, active infection, or ongoing immunosuppressive ther-
apy at the time of blood draw. Noncancer controls (n = 98) were 
enrolled based on negative results across hepatic and renal function 
tests, fasting glucose and lipid panels, and comprehensive tumor 

marker panels; individuals with any chronic systemic illness were 
excluded. Age distributions showed no statistically significant 
differences among groups [P > 0.05, one-way analysis of variance 
(ANOVA)]. Complete clinicopathological characteristics are summa-
rized in table S9.

Sample collection followed standardized operating procedures: 
blood was drawn after overnight fasting into serum separator tubes, 
allowed to clot for 30 min at room temperature, then centrifuged 
at 3000g for 15 min at 4°C. Serum aliquots (500 μl) were stored at 
−80°C within 2 hours of collection, with no more than three freeze-
thaw cycles before analysis.

Serum tumor biomarker assays
The concentrations of tumor biomarkers in serum were determined 
using the Roche cobas 801 analyzers with electrochemiluminescence 
immunoassay technology. The analyzer was used to quantify cancer 
antigen 15-3 (CA15-3), carcinoembryonic antigen (CEA), cytokera-
tin fragment 21-1 (CyFra21-1), squamous cell carcinoma antigen 
(SCC), HCG-β, pro-gastrin–releasing peptide (ProGRP), human 
epididymis protein 4 (HE4), AFP, cancer antigen 19-9 (CA19-9), 
cancer antigen 125 (CA125), cancer antigen 72-4 (CA72-4), and NSE, 
according to standardized manufacturer protocols.

Sensing assays of serum using DNA-scCNTs
Purified DNA-scCNT sensors were diluted with 10 mM PBS to prepare 
working solutions. The concentration of six sensors was specifically 
adjusted to a final optical density (OD) of 0.3. The sensors included: 
(GGC)2(GC)3-(−)(6,4), TTA(TAT)2ATT-(−)(6,5), C2(GCCCC)2-(+)(7,3), 
C3GC6GC4-(−)(7,5), T3C3T3C6-(−)(8,3), and C3(CCG)3-(+)(9,1).

For the sensing assays, 25 μl of patient serum samples were 
mixed with 100 μl of DNA-scCNT solutions (v/v = 1:4). FBS con-
trols were prepared using the same protocol with DNA-scCNTs to 
establish baseline spectra. The comparison between serum-treated 
and FBS-treated spectra enabled the construction of feature vectors, 
which were used to differentiate serum samples from various diag-
nostic groups. All samples were prepared in triplicate and incubated 
for 24 hours at 25°C with agitation at 60 rpm using a THZ-98C shak-
ing incubator (Shanghai Yiheng Scientific Instruments). After incu-
bation, both PL and absorption spectra of all samples were collected.

Training/testing dataset construction
Sensor optical response data were obtained through Lorentzian fit-
ting of DNA-scCNT PL spectra, capturing the following two features: 
E11 peak intensity and E11 peak wavelength. The mean values from 
triplicate measurements were used as feature data for ML analysis. 
Feature values were defined as the differential responses between pa-
tient sera and FBS controls.

Specifically, we quantified the optical response using two primary 
features: the E11 peak wavelength shift (Δλ) and the normalized in-
tensity change (ΔI/I0). The wavelength shift was defined as Δλ = 
λ − λ0, where λ and λ0 represent the peak emission wavelengths in 
the serum sample and the FBS reference, respectively. Similarly, the 
intensity feature was expressed as ΔI = I − I0, where I and I0 denote 
the corresponding peak intensities.

To eliminate potential batch effects arising from variations in sam-
ple collection timeframes and possible instrumental baseline drift, Z 
score standardization was applied to the data within each temporal 
batch (typically within 3 months from sample collection to assay com-
pletion). The standardized ΔI/I0 and Δλ values were designated as 
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dint and dwl, respectively. This standardization also improved the 
convergence speed of ML models during training.

Statistical analysis
Statistical analyses were performed using GraphPad Prism 10.4 
(GraphPad Software, San Diego, CA). To compare sensor response 
(dint and dwl values) across diagnostic groups, we implemented a 
stepwise statistical testing approach. Normality was assessed using 
the Shapiro-Wilk test, which is optimal for small-to-moderate sam-
ple sizes (n = 40 to 60 per group). For normally distributed data, 
variance homogeneity was evaluated using the Brown-Forsythe test. 
If both normality and homoscedasticity assumptions were met, one-
way ANOVA was applied; otherwise, Welch’s ANOVA was used for 
heterogeneous variances. For nonnormally distributed data, the 
nonparametric Kruskal-Wallis test was used. Post-hoc pairwise 
comparisons were conducted using Tukey’s multiple comparisons 
test (following ANOVA) or Dunn’s multiple comparisons test (fol-
lowing Kruskal-Wallis). All tests were two-tailed, with statistical sig-
nificance level set at α = 0.05.

Multicancer detection model development and validation
Algorithm selection and optimization
We systematically evaluated seven well-established ML algorithms 
for multicancer classification: LDA, LR, SVM, ANN, DT, RF, and 
XGB. On the basis of initial assessment, the top three algorithms were 
selected for further optimization and ensemble model development.

To ensure robust and unbiased performance estimation, we im-
plemented a nested CV strategy with fivefold outer and fivefold 
inner loops. The outer loop assessed model generalization, while 
the inner loop optimized hyperparameters using Bayesian opti-
mization with 10 initialization points and 60 iterations (BayesOpt 
package) within predefined space (table S3) to maximize the F1 
score. Decision thresholds were dynamically optimized on valida-
tion sets within a range of 0.1 to 0.7 in 0.025 increments to maxi-
mize model performance.

Model performance was evaluated using multiple metrics: F1 
score, AUC, sensitivity, and specificity. Given the four-class discrim-
ination task (LC, LuC, OC, and NC), final predictions were deter-
mined by selecting the class with the highest confidence score from 
all four binary classifiers.

All ML analyses were conducted in Python 3.11 with the follow-
ing libraries: NumPy 1.24 for numerical computations, pandas 2.1 
for data manipulation, scikit-learn 1.1 for ML algorithms (LDA, LR, 
SVM, ANN, DT, and RF), and XGBoost 2.0 for XGB. These versions 
were maintained consistently throughout all modeling experiments 
to ensure reproducibility.
Advanced model optimization
The three top-performing algorithms (RF, XGB, and ANN) were sys-
tematically optimized through a three-stage pipeline.

Stage 1: Feature engineering. To enhance intergroup discrimi-
nation and capture complex sensor interactions, we used three com-
plementary feature generation methods: (i) polynomial features 
with second-order interactions and squared terms; (ii) pairwise 
ratio features derived from sensor responses; and (iii) Gaussian 
kernel-based interactions including radial basis function pairwise 
similarities, weighted Gaussian combinations, distance features, and 
local density estimates. These methods expanded the feature space 
from 12 original sensor measurements to over 100 engineered fea-
tures. To accommodate the expanded feature space and prevent the 

curse of dimensionality, we performed iterative optimization of hy-
perparameters and feature dimensionality (corresponding to itera-
tions 1 to 8 in figs.  S10 to S12), and identified Gaussian kernel 
interactions with 30 to 45 features as the optimal configuration, 
achieving both stable and superior performance. This feature set was 
subsequently refined through algorithm-specific feature selection.

Stage 2: Feature selection optimization. Two selection strategies 
were evaluated (iterations 9 and 10 in figs. S10 to S12): mutual in-
formation (50) and the Boruta algorithm (51). The optimal config-
urations were identified as follows: ANN with Boruta (35 features), 
RF with Boruta (40 features), and XGB with mutual information 
(40 features).

Stage 3: Data augmentation. To mitigate the inherent class imbal-
ance resulting from OvR decomposition and prevent prediction bias 
toward the majority classes, we implemented data augmentation us-
ing two techniques: synthetic minority oversampling technique (52) 
and adaptive synthetic sampling (53) (iterations 11 and 12 in figs. S10 
and S12). These techniques generated synthetic samples for the mi-
nority classes, ensuring balanced training sets while maintaining the 
original data distribution characteristics. The optimal hyperparam-
eter space for each algorithm determined through systematic opti-
mization is summarized in table S4.
Ensemble model development
Following individual algorithm optimization, we developed an en-
semble model by combining the top-performing RF and XGB algo-
rithms. Initially, these two individual algorithms with the highest CV 
performance were integrated using equal weights (50% each). Subse-
quently, the model weights were fine-tuned via Bayesian optimization 
(iteration 2 in fig. S17) to achieve an enhanced ensemble that lever-
aged the strengths of each individual model. The ensemble’s expand-
ed hyperparameter space, nearly twice as large as that of individual 
models, presented multiple local optima that challenged conventional 
Bayesian optimization. To address this increased complexity, we used 
two advanced optimization strategies: the tree-structured Parzen esti-
mator (TPE) via Optuna framework (54) and a genetic algorithm 
(GA) (55), corresponding to iterations 3 to 6 in fig. S17. TPE optimi-
zation was performed with 15 initialization points and 60 total trials. 
GA used a population size of 50 over 60 generations, with crossover 
rate 0.8, mutation rate 0.125, elite ratio 0.125, and tournament size 3. 
Both strategies explored the high-dimensional parameter space more 
effectively than the standard Bayesian optimization. Last, the opti-
mized ensemble model was evaluated on an independent external test 
set, with performance metrics, including F1 score, sensitivity, speci-
ficity, and confusion matrix analysis, providing unbiased assessment 
of model generalizability.

Permutation feature importance
Permutation feature importance was used to quantify individual 
sensor contributions to the optimized RF + XGB ensemble model. 
For each of the 12 original features (dint and dwl from six DNA-
scCNTs), we assessed the decrease in model performance when 
feature-target relationships were disrupted. Specifically, for each fea-
ture, values were randomly shuffled across samples while preserving 
other features, and the ensemble predictions were recalculated using 
the optimized weights. Feature importance was quantified as the de-
crease in AUC score between the baseline and permuted perfor-
mance. This permutation process was repeated 20 times per feature 
to ensure statistical stability, with the final importance score calcu-
lated as the mean AUC degradation.

D
ow

nloaded from
 https://w

w
w

.science.org at South C
hina U

niversity of T
echnology on July 30, 2026



Chen et al., Sci. Adv. 12, eaef9530 (2026)     29 July 2026

S c i e n c e  A d v a n c e s  |  R e s e arc   h  A r t i c l e

11 of 13

SHAP analysis
To interpret the decision-making logic of the optimized ensemble mod-
el, we performed SHAP analysis. Given the heterogeneous nature 
of the RF + XGB ensemble architecture, we used the model-agnostic 
KernelExplainer (56) to quantify the attribution of individual sensor 
features to the final classification. The explainer was implemented us-
ing the SHAP Python library with default parameterization, includ-
ing an identity link function and automated sample size determination.

A background dataset of 100 representative samples was generat-
ed via stratified random sampling from the training set. This dataset 
approximates the expected model output and serves as the baseline 
(base value) for the additive explanations. SHAP values were then 
computed for each feature of every sample, independently for each of 
the four diagnostic classes. These values quantify the positive or neg-
ative contribution of each feature in pushing the model’s output from 
the baseline to its final prediction for a specific class.

Global feature importance was determined by calculating the 
mean absolute SHAP value for each feature across all samples and 
classes. This global ranking was visualized using SHAP summary 
plots, which illustrate the distribution, magnitude, and direction of 
feature impacts. For local interpretability, force plots were generated 
for representative, correctly classified samples. These plots depict 
the direction and magnitude of each feature’s contribution, and how 
these contributions accumulate to influence the model’s output, pro-
viding insights into the rationale behind individual predictions. For 
example, they explain why a specific sample was classified as a true 
positive for LC, while simultaneously providing a reliable negative 
consensus for LuC, OC, and NC.

Spearman correlation analysis
To evaluate the relationship between known serum tumor mark-
ers and DNA-scCNT spectral responses, Spearman rank correlation 
analysis was performed using scipy 1.1. The analysis encom-
passed three cancer types with their respective biomarker panels: 
LC (AFP, CEA, and CA19-9), LuC (CA15-3, CEA, NSE, CyFra21-
1, SCC, HCG-β, and ProGRP, HE4), and OC (AFP, CA-125, HCG-β, 
CA15-3, CA72-4, NSE, and HE4). Biomarker concentrations were 
log10-transformed to reduce skewness, and each transformed bio-
marker was correlated with the 12 DNA-scCNT spectral features 
(dint and dwl values for six sensors).

Correlation coefficients and P values were calculated for biomarker-
sensor pairs with complete data (minimum n = 10). Statistical sig-
nificance was classified as: ***P < 0.001, **P < 0.05, and *P < 0.1. 
Benjamini-Hochberg false discovery rate (FDR) correction was ap-
plied for multiple comparisons. The results were visualized using 
correlation heatmaps with a custom diverging colormap and signifi-
cance annotations. To ensure statistical validity, analyses excluded 
samples with missing biomarker data.

Mantel test analysis
To assess the overall association between the serum biochemical en-
vironment and individual DNA-scCNT spectral responses, we used 
the known tumor marker levels for each cancer type as a holistic 
representation of the disease-specific serum profile. Mantel test 
analysis was performed using scipy.spatial.distance (version 1.9.0) 
(57, 58). For each cancer type, pairwise Euclidean distance matrices 
were computed separately for both biomarker concentrations and 
DNA-scCNT spectral features. The biomarker panels included 
LC (AFP, CEA, and CA19-9), LuC (CA15-3, CEA, NSE, CyFra21-1, 

SCC, HCG-β, and ProGRP, HE4), and OC (AFP, CA-125, HCG-β, 
CA15-3, CA72-4, and NSE, HE4).

In a typical computational example, for n LC samples, a biomark-
er distance matrix was constructed by calculating Euclidean distanc-
es between all possible sample pairs based on their three-dimensional 
biomarker vectors (e.g., hypothetical sample A: [AFP, CEA, CA19-
9] = [12.3, 8.7, 45.2] ng/ml versus sample B: [15.8, 12.1, 52.7] ng/ml 
versus sample C: [8.9, 6.2, 38.4] ng/ml, etc.), resulting in an n × n 
symmetric distance matrix. For each CNT spectral parameter, a cor-
responding single-feature distance matrix was computed from the 
same samples. The upper triangular elements from both distance 
matrices were extracted as vectors, and their Spearman correlation 
coefficient was calculated to quantify the association between the 
biomarker profile and individual spectral feature.

Distance matrices were computed using the pdist function with 
Euclidean metric and then converted into square matrices via square-
form. Mantel correlation coefficients were calculated as Spearman 
correlations between the upper triangular elements of correspond-
ing distance matrices. Statistical significance was assessed through 
permutation testing with 9999 random permutations. Samples with 
missing biomarker data were excluded through complete case dele-
tion to maintain statistical validity. This analysis resulted in 12 in-
dependent Mantel correlations for each cancer type (one per CNT 
spectral feature). Visualization was performed using OmicShare 
(https://omicshare.com), generating a network heatmap that displayed 
both Spearman correlation coefficients and Mantel test results, 
with significance thresholds at P < 0.05 and P < 0.001 (Benjamini-
Hochberg FDR-adjusted).

Single-analyte titration and anti-interference assays
Tumor markers CA19-9, AFP, and HCG-β were reconstituted in PBS 
and serially diluted 10-fold from a stock concentration of 100 to 
0.1 μg/ml (for CA19-9, diluted from 10,000 to 10 U/ml). To evaluate 
anti-interference performance, a 15-μl aliquot of each marker solu-
tion was spiked into 35 μl of pooled cancer serum (comprising equal 
volumes from five donors of the respective LC, LuC, or OC cohorts). 
Subsequently, 100 μl of (6,5), (9,1), or (7,5) sensors at 0.3 OD were 
added to serum-marker mixture. All samples were prepared in trip-
licate and incubated at 25°C with shaking. PL spectra were acquired 
using the same instrumental settings and data processing workflow 
as described above.

Early-stage cancer detection model development 
and validation
Algorithm selection and optimization
To apply our APS for early-stage cancer detection, we selected early-
stage LuC and healthy control samples from our dataset, incorporat-
ing 45 additional healthy samples, to develop a detection model. We 
evaluated the same seven ML algorithms using identical hyperpa-
rameter space (table S3), Bayesian optimization strategies, and five-
fold nested CV, as described in the multicancer detection framework. 
On the basis of CV performance, RF and LDA were identified as the 
top-performing algorithms for further development.
Advanced model optimization
Given LDA’s limited hyperparameter space, optimization efforts fo-
cused on RF model enhancement using the same hyperparameter 
tuning strategies described above. We applied the Gaussian kernel 
feature engineering approach established in the multicancer framework, 
expanding 12 sensor measurements to over 100 features, followed 
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by Boruta-based feature selection to identify 40 optimal features. 
Unlike the multicancer model, the relatively balanced training data-
set (early-stage LuC = 24 and NC = 38) eliminated the need for data 
augmentation.
Ensemble model development
The optimized RF and LDA models were integrated using Optuna-
based optimization with TPE sampling (100 trials), simultaneously 
optimizing the ensemble hyperparameter space and model weights 
to maximize the performance metrics. External validation was con-
ducted using an independent set of samples (early-stage LuC = 12 
and NC = 60). To adapt to new base rates of cancer in the data, we 
implemented a fine-tuning approach (27, 59): A separate calibration 
set of 10 samples independent of the external validation set was used 
to synthesize data via multivariate Gaussian sampling (noise range: 
0.05 to 0.20, multiplier = 5), creating an isolated fine-tuning set for 
decision threshold optimization. The ensemble model was then 
evaluated on the independent external validation set of 72 samples. 
No samples from this validation set were involved in any phase of 
model training, feature selection, or threshold tuning.

Supplementary Materials
This PDF file includes:
Figs. S1 to S25
Tables S1 to S9
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