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tumor behavior, rapid disease progression, and poor patient 
outcomes [1–3]. Drugs targeting HER2, such as trastu-
zumab, have significantly improved the poor clinical out-
comes of HER2+ BC patients and reshaped the diagnosis 
and treatment landscape of breast cancer [4–6]. While 

1  Introduction

Human epidermal growth factor receptor 2 (HER2)-positive 
breast cancer (HER2+ BC) represents 20–30% of all breast 
cancer cases and is clinically characterized by aggressive 
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Abstract
Accurate and rapid diagnosis of human epidermal growth factor receptor-2 (HER2)-positive breast cancer, coupled with 
prediction of trastuzumab therapeutic efficacy, is critical for clinical decision-making to the patients with breast cancer. 
However, there is still no standard to be clinically used without suffering from inherent limitations. In this work, we propose 
a machine learning-assisted multifunctional biosensing platform utilizing enzyme-embedded hydrogen-bonded organic 
frameworks (HOFs). In this design, diverse HOFs@enzyme composites with distinct assembly configurations serve as 
sensitive array elements to interact with breast cancer-derived exosomes. Moreover, these interactions can modulate HOF-
enzyme activity, generating diagnostic signal patterns that form unique exosomal molecular “fingerprint” profiles. Simul-
taneously, coordination with machine learning enables processing of complex sensor array-based data to amplify subtle 
differences of exosome between different subtypes of breast cancer, thereby enhancing the discriminatory capacity of this 
platform. By establishing reference fingerprints using exosomes from 96 training-set patients and validating classification 
accuracy against immunohistochemical in 76 test-set patients, the platform achieved 100% concordance in identifying 
the HER2-positive subtype, demonstrating exceptional discriminative capacity. Remarkably, the platform can also predict 
trastuzumab treatment response with 87.5% accuracy through clinical outcome correlation. So, by enabling precise exo-
some characterization from peripheral blood, this non-invasive liquid biopsy technology offers a transformative approach 
for precision oncology in HER2-positive breast cancer, overcoming critical limitations of current diagnostic paradigms.
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the appearance of trastuzumab has revolutionized treat-
ment paradigms, providing significant survival benefits for 
HER2+ BC, therapeutic resistance remains a major clinical 
challenge. Approximately 25–30% of patients exhibit pri-
mary resistance, while the majority of initially responsive 
advanced-stage patients develop acquired resistance within 
12 months of treatment initiation. These resistance mecha-
nisms frequently lead to disease recurrence and metastatic 
dissemination, ultimately contributing to cancer-related 
mortality [7, 8]. Therefore, there is an urgent need for novel 
diagnostic approaches that can accurately identify treat-
ment-sensitive populations and guide personalized thera-
peutic strategies.

Current diagnostic standards for breast cancer rely on 
immunohistochemical (IHC) analysis of tumor biopsies [9], 
but the time-consuming, invasive nature, heterogeneity of 
tumor, and inconsistent test reagents may profoundly frus-
trate the subjective judgment. Moreover, dynamic molecu-
lar changes during treatment creates a major challenge to 
cancer management [10–14]. In recent years, exosomes 
have gained prominence as particularly promising circu-
lating biomarkers due to their stable carriage of parent cell 
molecular signatures, ubiquitous presence in bodily fluids, 
and demonstrated elevation in breast cancer patients rela-
tive to healthy controls [15–22]. However, the multifaceted 
heterogeneity among distinct breast cancer subtypes cannot 
be sufficiently characterized by single or even combinatorial 
exosomes, necessitating the development of novel detec-
tion platforms capable of resolving holistic inter-exosomal 
variations to enhance exosome identification accuracy. 
Alternatively, mammalian gustatory system-inspired sensor 
arrays have gained significant research interest [23]. These 
platforms employ nonspecific interactions with samples to 
generate characteristic signal fingerprints, permitting both 
discrimination of multiple analytes with minor difference in 
structure or properties and comprehensive analysis of com-
plex biological specimens [24, 25].

Hydrogen-bonded organic frameworks (HOFs), crys-
talline porous materials formed through coordinated 
intermolecular interactions including hydrogen bonding, 
electrostatic forces, and π-π stacking, present an inno-
vative solution to the fabrication of sensor array. Their 
structural stability, synthetic versatility, and tunable poros-
ity make HOFs ideal for biosensor applications [26–28]. 
HOFs permit fabrication using benign synthetic condi-
tions and demonstrate superior biocompatibility due to 
their metal-free composition, significantly enhancing 
their potential for clinical translation [29]. Furthermore, 
π-conjugated molecules building blocks endow certain 
HOFs with intrinsic luminescent properties, enabling their 
successful deployment as fluorescent probes for detecting 
diverse analytes ranging from organic molecules to metal 

ions [30–32]. Building upon these advantages, we have 
engineered a novel HOF@enzyme composite in this work 
that simultaneously functions as both recognition and sig-
nal transduction element, enabling direct exosomal finger-
print generation through multidimensional signal output 
analysis. Moreover, the fabricated sensor array permits 
concurrent discrimination of structurally similar analytes 
while maintaining robust performance in intricate clini-
cal specimens. In the meantime, the sensor array elimi-
nates the need for complex probe design by employing 
four HOF@enzyme sensor units, which generate a 3 × 4 
data matrix upon exosome interaction to construct exo-
somal fingerprints. Besides, capitalizing on exceptional 
capacity for processing complex datasets and analytical 
advantages of machine learning (ML), we have further 
implemented ML to decode the sensor array-derived exo-
somal fingerprints, enabling sensitive and high-throughput 
exosome characterization. Our advanced sensor array has 
demonstrated dual clinical functionality, enabling not only 
accurate HER2+ BC diagnosis but also reliable prediction 
of trastuzumab treatment efficacy, which represents a sig-
nificant advancement over current diagnostic standards 
by combining non-invasive sampling with comprehensive 
molecular profiling and therapeutic response forecast-
ing. The operational simplicity and rapid analysis time 
also address critical unmet needs in precision oncology, 
offering real-time treatment monitoring capabilities that 
could fundamentally transform HER2+ BC management 
paradigms.

2  Results and discussion

2.1  Design principle of the sensor array using HOF@
enzyme

The foundational premise of this study stems from the well-
established molecular distinctions among the four major 
breast cancer subtypes. Focusing specifically on exosomes 
derived from trastuzumab-sensitive, primary resistant, 
and secondary resistant phenotypes (Fig. S1), our prelimi-
nary proteomic and metabolomic analyses have revealed 
extensive differential expression patterns that cannot be 
adequately captured through single-target detection meth-
ods. Align with the MISEV2018/2023 guidelines [33], exo-
somes may be difficult to separate from other vesicles in 
blood samples. Therefore, ExoQuick exosome precipitation 
solution (EXOQ20A-1) rather than ExoQuick ULTRA EV 
Isolation Kit for Serum and Plasma (EQULTRA-20 A-1) has 
been chosen to isolate exosome. At the core of this technol-
ogy lies a four-channel HOF@enzyme-based sensor array 
designed for HER2+ BC identification and trastuzumab 
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response prediction. As shown in Scheme 1, the sensor 
array exploits the unique molecular engineering flexibility 
of HOFs, which can form tunable probe units through pre-
cisely controlled co-assembly with catalytic enzymes. This 
assembly process is governed by three key intermolecular 
interactions: π-π stacking, interpenetration, and charge pair-
ing. Critically, the catalytic activity of these HOF@enzyme 
complexes demonstrates exquisite sensitivity to subtle vari-
ations in these interactions - a property we may harness to 
create responsive sensor elements. When exosomes interact 
with the HOF@enzyme, distinct surface markers induce 
conformational rearrangements that differentially expose 
catalytic sites. This generates subtype-specific modulation 
of enzymatic substrate conversion, producing a multidimen-
sional response pattern (3 × 4 data matrix) that serves as 
a unique exosomal fingerprint. We have further enhanced 
this sensor array through integration with machine learning 
algorithms, which process the multichannel optical signals 
(measured via microplate reader) to achieve dual function-
ality: accurate HER2+ BC diagnosis and quantitative predic-
tion of trastuzumab therapeutic efficacy directly from serum 
exosomes. This combination of nanoscale engineering and 
computational analytics represents a significant advance-
ment over current single-analyte detection paradigms, 
offering both high specificity (> 90% accuracy in valida-
tion studies) and operational simplicity suitable for clinical 
translation.

2.2  Characterization of HOFs and exosomes

To systematically investigate the detection efficacy of the 
array-based platform, exosomes derived from cell lines were 
utilized as a validation model (Fig. 1A). Firstly, transmis-
sion electron microscopy (TEM) characterization confirmed 
the intact structures of exosomes (Fig.  1B). Nanoparticle 
tracking analysis (NTA) revealed exosome concentrations 
averaging 1.4 × 1010 particles/mL with a mean diameter of 
82 nm (Fig. 1C). The measured zeta potential was − 30.86 
mV at physiological pH (Fig. 1D), which also allowed for 
electrostatic adsorption with HOF@enzyme. Nano-Flow 
cytometry analysis also demonstrated high CD9, CD63 and 
CD81 levels in the exosomes (Fig. 1E), which indicated the 
successful extraction and stability of exosomes.

Subsequently, the nanostructure and morphology of the 
HOFs@enzyme sensor unit (HOF1-HOF4) were observed 
by TEM, which present regular structures ranged from 200 
to 500 nm (Fig. S2). The crystal structures of four sensor 
units were further characterized by X-ray diffraction (XRD) 
(Fig. S3). Fourier transform infrared (FT-IR) spectroscopy 
displayed the chemical compositions of HOFs@enzyme 
which further confirmed the successful synthesis and stabil-
ity of the nanosensors (Fig. S4). After verifying the charac-
terization of exosomes and sensor array, we co-incubated the 
exosomes with the HOFs@enzyme. It was observed that the 
exosomes would bind to the surface of the HOFs@enzyme 

Scheme 1  Schematic illustration of exosomal fingerprints identification for HER2+ BC through HOFs sensors and ML
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MDA-MB-231 were extracted (T47D and MCF-7 were 
luminal A, ZR-75-1 and BT474 were luminal B, MDA-
MB-453 and SKBR3 were HER2+, HCC1806 and MDA –
MB-231were triple negative breast cancer (TNBC)). These 
exosomes were added to the sensor array to produce a mul-
tidimensional dataset comprising four distinct probes, six 
replicates, and four cellular subtypes. Modern breast cancer 
classification leverages multiple machine learning algo-
rithms. Principal component analysis (PCA) was employed 
for preliminary data exploration and feature extraction. As 
shown in Fig. 2A and B, PCA converted the original scat-
tered data into a discrimination map. It can be seen that our 
sensor array can well classify the exosomes derived from 
the 8 cell lines into four categories, which exactly corre-
spond to the molecular typing of the corresponding cells. 
Considering that the expressions of Luminal A and Luminal 
B type molecules are closer, it is expected that the distances 
of these two clusters are close and slightly overlapping, 
which indicates the potential of the future application of the 

(Fig.  1F). The experiments of structural analysis like CD 
and Brunauer-Emmett-Teller (BET) surface area analysis 
were also performed. As shown in Fig. S5, it can be con-
firmed that the secondary structure of the protein remained 
unchanged within HOFs. However, after incubation with 
exosomes, changes were observed in the conformational 
distribution of HOF@enzyme. Nitrogen adsorption (Fig. 
S6, Table S1) further demonstrated that exosome interaction 
would alter the pore structure of HOF@enzyme, thereby 
affecting its ability to facilitate TMB diffusion and generat-
ing different signal intensities.

2.3  Optimization of experimental conditions

After verifying the characterization of exosomes and 
HOFs@enzyme respectively, we preliminarily verified the 
feasibility of sensor array through cancer cells derived exo-
somes. Firstly, exosomes secreted by the T47D, MCF-7, 
ZR-75-1, BT474, MDA-MB-453, SKBR3, HCC1806 and 

Fig. 1  Characterization of exosomes. (A) Scheme of the extraction 
process of cancerous exosomes. (B) TEM images of exosomes. Scale 
bars: 200  nm. (C) NTA results of exosomes. (D) Zeta potential of 

exosomes at physiological pH. (E) Nano-Flow cytometry analysis of 
CD9, CD63 and CD81 levels. (F) TEM images of exosomes after the 
interaction with HOFs. Scale bars: 100 nm
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Fig. 2  Analysis of cell-derived exosomes. (A) All exosomal finger-
print distributions. (B) PCA of exosomes secreted by four molecular 
subtypes of breast cancer cells demonstrates distinct clustering pat-
terns. (C) Heatmap visualization of proteomic profiles reveals differ-
entially expressed proteins in exosomes derived from cells with vary-
ing trastuzumab response phenotypes. HR: trastuzumab-resistant cells; 
HS: trastuzumab-sensitive cells. (D) Volcano plot analysis identifies 
statistically significant protein expression changes (p < 0.05) between 

trastuzumab-sensitive and resistant exosome groups. (E) PCA score 
plot of exosomes stratified by trastuzumab treatment efficacy shows 
separation between sensitive, primary resistance and secondary resis-
tance populations. (F) Concentration-dependent response curves of 
the sensor array. (A: 1 × 108 particles/mL, B: 1 × 107 particles/mL, C: 
1 × 106 particles/mL, D: 1 × 105 particles/mL, E: 1 × 104 particles/mL, 
F: 1 × 103 particles/mL, G: 1 × 102 particles/mL, H: 10 particles/mL.)
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discrimination among exosomes from different resistance 
phenotypes (Fig. 2E). These findings strongly suggest the 
potential utility of this sensing array for predicting trastu-
zumab treatment outcomes.

A concentration-response relationship was evident in 
the 2D plot (Fig. 2F), with distinct clusters corresponding 
to different exosomal levels, demonstrating quantitative 
analysis capability of the platform. Remarkably, the array 
exhibited detection sensitivity down to 1 × 104 particles/
mL. Comparatively, the detection limit of an aptamer-based 
metasurfaces for label-free plasmonic biosensing of breast 
tumor-derived exosomes is as low as 1.04 × 104 particle/
mL [38]. Another an colorimetric Detection of HER2-over-
expressing-cancer-derived exosomes is as low as 8.5 × 108 
particle/mL [39]. Considering that the exosomes extracted 
from 250 uL of serum can reach more than 1011 particles/
mL in clinical practice, the sensitivity of our array and the 
prospect of clinical application are verified (Table S2).

2.4  HER2 phenotype identification among BC 
patients

We employed this array sensor to identify HER2+ BC based 
on the exosomal fingerprints. All exosome samples were 
purified from patients with confirmed clinical diagnoses, 
with their identity confirmed by IHC prior to analysis. The 
data sets consisted of UV-vis absorption spectra of HOFs 
originating from their interactions with different exosomes. 
The absorbance at 650 nm was quantified for each HOFs 
component, generating a response matrix that captured the 
interaction profiles with individual exosome samples. Ran-
dom stratified splitting was employed to create training and 
testing datasets for subsequent applications.

To strengthen the adaptability to variable input patterns, 
we systematically evaluated the ML algorithms and ulti-
mately selected support vector machines (SVM), random 
forest (RF) analysis, decision tree (DT) and XGBoost for 
exosomal fingerprint analysis based on their complemen-
tary analytical strengths [40, 41]. All the models were tuned 
exclusively on the training set, with the test set kept com-
pletely isolated until the final evaluation, thereby preventing 
any data leakage. The SVM algorithm offers multiple ker-
nel functions, including linear and polynomial kernels. We 
initially selected the optimal kernel function based on data 
characteristics, then fine-tuned model parameters through 
cross-validation to accommodate small-scale clinical sam-
ples. Operating on the maximum margin principle, SVM 
effectively minimizes interference from outliers while main-
taining robust classification performance even with limited 
sample sizes. The test dataset was processed through the 
trained model, generating randomized planar point distribu-
tion as illustrated in Fig. 3A. The visualization demonstrates 

four-channel sensor array. To mitigate the challenge of stan-
dardization in exosome isolation, we implemented an ultra-
centrifugation protocol to isolate exosomes for downstream 
detection. The consistency of the results could validate the 
robustness of our detection approach despite inherent isola-
tion variables. Subsequently, further condition optimization 
will be carried out to improve the accuracy rate of detection.

To balance probe economy with precise identification of 
nuanced exosomal differences, we optimized the concentra-
tion of the HOF@enzyme probes, and the results showed 
the catalytic efficiency increased gradually with higher 
concentrations of HOFs@enzyme and prolonged catalytic 
times, reaching a peak efficiency at the HOF1 concentration 
of 100 µg/mL (Fig. S7A), HOF2 concentration of 80 µg/
mL (Fig. S7B), HOF3 concentration of 20  µg/mL (Fig. 
S7C) and HOF4 concentration of 40  µg/mL (Fig. S7D). 
At the same time, the catalytic reaction reaches its peak at 
5 min when the under the above optimal conditions, meet-
ing the requirements of rapid detection and avoiding long 
waiting times (Fig. S8). In addition, the incubation time of 
exosomes is another key factor affecting the recognition 
efficiency. It was observed that the incubation period with 
HOFs@enzyme for achieving maximum interaction effi-
ciency could be reduced to 30 min with continuous gentle 
rotation (Fig. S9).

For HER2+ BC, trastuzumab has become an indispens-
able component of treatment across all disease stages - 
whether as neoadjuvant/adjuvant therapy for early-stage 
disease or salvage therapy for advanced cases [34–37]. 
While it has significantly improved survival outcomes for 
most patients, the emergence of primary or acquired resis-
tance in some individuals remains a major obstacle to preci-
sion medicine in HER2+ BC. To address this challenge, we 
attempted to draw the fingerprint patterns of exosomes with 
different efficacy of trastuzumab. We first isolated exosomes 
secreted from: (1) trastuzumab-sensitive cells (BT474 and 
SKBR3), (2) primary trastuzumab-resistant cells (JIMT1), 
and (3) induced trastuzumab-resistant cells (BT474-HR and 
SKBR3-HR) to establish comprehensive models of drug 
sensitivity, primary resistance, and acquired resistance. 
Drug resistance in HER2+ breast cancer often arises from 
a combination of genetic, epigenetic, microenvironmental, 
and metabolic adaptations. Integrated proteomic and metab-
olomic analyses revealed significant differential expression 
of multiple proteins (Fig. 2C and D) and metabolites (Fig. 
S1) among these exosome subgroups (p < 0.05). Isolating 
resistance-specific signals from exosomal profiles remains 
challenging due to the overlapping signals and cellular 
heterogeneity. To systematically characterize these varia-
tions at a global level, we incorporated all three exosome 
types into our array-based sensing platform. PCA revealed 
clear segregation among sample clusters, enabling clear 
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Fig. 3  ML-assisted HER2+ exosomal fingerprint profiling. (A) Two-
dimensional scatter plot of single-exosome distribution patterns. (B) 
ROC curve demonstrating the diagnostic performance of SVM-based 
exosomal fingerprint identification. (C) Confusion matrix evaluating 
SVM classification accuracy for exosomal molecular subtyping (over-
all accuracy = 87.5%). (D) Representative decision tree from RF clas-
sification, generated through interaction testing. (E) Minimal depth 
distribution analysis quantifying the relative importance of each array 

sensing element. (F) Classification accuracy of RF-based molecular 
subtyping (overall accuracy = 90.625%). (G) Visualization of the DT 
process for the training set. (H) Visualization of the DT process for the 
validation set. (I) Performance metrics of DT model in molecular sub-
typing (overall accuracy = 78.12%). (J) The decision curve of HER2+ 
identification. (K) The calibration curve of HER2+ identification. (L) 
Predictive accuracy of XGboost-based classification for molecular 
subtyping (overall accuracy = 75.00%)
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clear separation from other subtypes. Final evaluation 
using a confusion matrix yielded an overall accuracy of 
78.12% (Fig.  3I). To further evaluate predictive perfor-
mance, XGBoost was also implemented for HER2+ breast 
cancer classification. Decision curve analysis and calibra-
tion curves were generated (Fig. 3J, K), yielding an overall 
prediction accuracy of 75.00% (Fig. 3L). This performance 
was comparatively modest when benchmarked against the 
RF model, which additionally showed a more robust profile 
characterized by a narrower confidence interval and higher 
specificity (Table S3).

The fingerprint profiles generated from the test set were 
input into the pre-established RF model. Each exosome 
generated an exclusive fingerprint. The fingerprint heatmap 
visualized the differential interactions between each HOFs 
variant and exosome sample. Comparative analysis demon-
strated high concordance (100% sensitivity) between our 
machine learning-based assessment and conventional IHC 
results for HER2+ BC classification (Fig. S14). Notably, our 
diagnostic platform achieved 100% accuracy in identifying 
TNBC, while demonstrating slightly reduced but still clini-
cally acceptable performance in distinguishing Luminal A 
and Luminal B subtypes. This marginal difference in diag-
nostic efficiency between hormone receptor-positive sub-
types carries limited clinical implications, as both subtypes 
typically receive endocrine therapy as standard treatment. 
This limitation should be framed not as a dismissal of the 
clinical question but as a current technical boundary of our 
platform. More efforts are needed to integrate additional 
molecular features into the sensor or model. Such integra-
tion would likely improve classification accuracy for these 
subtypes, thereby enhancing the tool’s general applicability 
across diverse clinical contexts. Future refinements of the 
platform should focus on enhancing subtype discrimination 
accuracy to enable more precise molecular characterization, 
which could further optimize therapeutic decision-making 
for patients with luminal-type breast cancer. This finding 
robustly validates the good performance of exosomal fin-
gerprint profiling in determining HER2+ BC.

2.5  Trastuzumab efficacy prediction in clinical 
samples

While our previous work established a rapid and accurate 
diagnostic platform for HER2+ BC, the predictive capac-
ity for trastuzumab-based therapeutic outcomes remained 
unexplored. Given the demonstrated ability of our array-
based sensing system to precisely distinguish exosomes 
derived from cells with differential treatment responses, we 
subsequently extended its application to predict clinical out-
comes in trastuzumab-treated patients. Following the same 
experimental paradigm, we randomly selected 48 patients 

clear spatial segregation, with HER2+ exosomes predomi-
nantly clustered in the right-sided region, exhibiting distinct 
separation from other exosomal subpopulations. The model 
achieved an overall prediction accuracy of 87.5% on the test 
set (Fig. 3B and C), with particularly outstanding perfor-
mance in HER2+ BC classification (100% sensitivity).

To mitigate bias from imbalanced data, we employed an 
RF model comprising multiple decision trees to enhance 
recognition capability. The RF algorithm facilitates feature 
selection by evaluating importance metrics. We quantified 
each feature’s predictive contribution using partitioning 
indicators such as information gain and Gini coefficient, 
subsequently ranking these features. Visualization of the 
decision-making process further enhanced our understand-
ing of critical data features. We initially investigated the 
relationship between the number of decision trees and the 
out-of-bag (OOB) error rate to minimize misclassification 
in the random forest algorithm (Fig.  3D). Subsequently, 
we employed minimal depth distribution visualization 
to analyze the depth characteristics of each HOF sensing 
unit, identifying HOF2 as the unit with the highest average 
minimal depth value (Fig. 3E). The optimized model dem-
onstrated robust performance on the test dataset, achiev-
ing 90.625% of overall prediction accuracy and 100% of 
HER2+ BC classification sensitivity (Fig. 3F). As shown in 
the confusion matrix and further supported by confidence 
interval analysis, the 95% CI of the RF model is (0.7498, 
0.9802), indicating robust model performance. Statistically, 
the high specificity (96.875%) and F1 score (0.9059) further 
validate the reliability of HER2+ identification. The 5-fold 
cross-validation was performed on the RF model using the 
training set. The results demonstrated consistent validation 
accuracy above 0.8 across all folds, with no strong evidence 
of overfitting observed. (Fig. S10). The calibration curve for 
class 4 (HER2+) confirms the credibility of the model output 
(Fig. S11). While slight deviations exist for other classes 
(Fig. S11A-C), the overall calibration trend remains satis-
factory. SHAP analysis also confirms that HOF2 is the key 
sensor for HER2 + recognition (Figs. S12 and S13).

Regarding nonlinear effects and model interaction capa-
bilities, we have systematically evaluated more complex 
algorithms to examine whether they could capture higher-
order feature interactions that might be missed by RF. 
Specifically, in addition to the original RF model, we intro-
duced XGBoost and DT models for comparison. To further 
investigate the relationships among the selected features, 
we employed decision tree visualization on the training 
and validation sets to render the decision tree process inter-
pretable, thereby making every decision path clearly trace-
able (Fig.  3G, H). The results were consistent with prior 
observations, showing partial overlap between Luminal A 
and Luminal B exosomal fingerprints while demonstrating 
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46]. A total of 92 patients were enrolled in this study, exo-
somes from each patient generated an exclusive fingerprint. 
Of these, 72 patients from Jiangsu Province Hospital were 
split into a training set (n = 48) and an internal validation 
set (n = 24). Additionally, 20 patients from the Affiliated 
Hospital of Xuzhou Medical University were included as 
an independent external validation cohort. The RF-based 
prediction model achieved an accuracy of 87.50% in inter-
nal validation and maintained an accuracy of 75.00% in 
the external cohort, demonstrating its generalizability (Fig. 
5B). The observed difference in performance is reason-
able and commonly seen in real-world multicenter studies, 
reflecting heterogeneity in sample processing protocols and 
baseline patient characteristics across different hospital set-
tings. Although further optimization is required to improve 
the detection efficiency for primary resistance, the current 
system already represents a robust complementary tool for 
clinical decision-making, particularly in stratifying patients 
who may benefit from trastuzumab-based regimens versus 
those requiring alternative therapeutic strategies. This find-
ing robustly validates the good performance of exosomal 
fingerprint profiling in determining breast cancer molecular 
subtypes and predicting trastuzumab efficacy. When com-
pared with recently published platforms that utilize machine 
learning for exosomal proteomic [46] or non-coding RNA 
analyses [47], our label-free phenotypic analysis platform 
shows somewhat lower performance in terms of sample 
size, sensitivity, and specificity. Moreover, our approach 
offers distinct practical advantages. It is significantly more 
cost-effective, requires shorter detection time, and operates 
without reliance on large-scale instrumentation. These fea-
tures make it particularly suitable for rapid initial screening 
in broader populations, thereby helping to reduce both wait-
ing times and testing costs for patients. Therefore, this rapid, 
non-invasive diagnostic approach enables accurate identifi-
cation of HER2+ BC, thereby facilitating timely implemen-
tation of personalized anti-HER2 therapeutic regimens.

3  Conclusion

Collectively, this study exploits co-optimization of algo-
rithm and sensor array for clinical HER2+ BC detection and 
trastuzumab treatment outcome prediction through serum 
exosomal fingerprint analysis. By leveraging the compre-
hensive molecular profile of serum exosomes, this plat-
form provided superior diagnostic strategies compared to 
approaches using a single exosomal biomarker or restricted 
biomarker panels that risk missing critical pathological 
information. The HOFs@ enzyme-based sensor array pre-
trained with UV-Vis absorption spectra of exosomes derived 
from four molecularly distinct subtypes achieves high 

from each of three clinical subgroups (that is 15 for sensi-
tive, 16 for primary resistance and 17 for secondary resis-
tance) to form the training cohort. Their isolated exosomes 
were incubated with four distinct sensing units to generate 
array-based profiling data. The developed ML algorithm 
was subsequently applied to analyze testing cohort exo-
somal fingerprints for predicting efficacy of trastuzumab 
(n = 24; that is, 8 for sensitive, 8 for primary resistance 
and 8 for secondary resistance). Additionally, 20 patients 
from the Affiliated Hospital of Xuzhou Medical Univer-
sity were included as an independent external validation 
cohort. The resulting fingerprints served as input features 
for SVM, RF, DT and XGBoost trained on the reference 
dataset. The SVM model demonstrated effective stratifica-
tion of the three patient cohorts with an overall prediction 
accuracy of 81.82% (Fig. 4A, B). Specifically: 80.00% sen-
sitivity for trastuzumab-sensitive, 82.00% for primary resis-
tant groups and 85.00% prediction efficiency for secondary 
resistant cases (Fig. 4C). RF analysis was subsequently 
implemented to minimize misclassification and evaluate 
feature importance among HOFs for trastuzumab response 
prediction (Fig. 4D, E). HOF2 emerged as the most discrim-
inative framework, though the aggregate prediction accu-
racy reached 87.50% of the model (Fig. 4F). Comparative 
analysis using DT and XGboost algorithm revealed reduced 
performance. Visualization of the decision tree process on 
both the training and validation sets enables us to trace each 
decision path, thereby elucidating the underlying decision 
logic of the model (Fig. 4G, H). The overall prediction accu-
racy reached 81.82% (Fig. 4I). Subsequently, the XGBoost 
algorithm was also applied to predict trastuzumab treatment 
efficacy, only achieving an overall prediction accuracy of 
75.00% (Fig. 4J-L). Validation studies confirmed the ML 
platform’s clinical utility through successful analysis of test-
set exosomal signatures. The current IHC methods require 
binding specific antibodies to HER2 protein in tumor tissues 
to determine the susceptibility to trastuzumab [42, 43]. 

While existing diagnostic methods suffer from prolonged 
processing times and limited predictive capacity, this plat-
form permits timely therapeutic evaluation following brief 
exosome incubation (Fig. 5A). The entire detection process, 
from the addition of exosomes to the HOF sensing unit to 
the final signal output and fingerprint prediction matching, 
only takes 40 min in total. This significantly reduces the 
waiting time for patients. Compared with other detection 
methods, it also has certain advantages [15, 44]. Meanwhile, 
compared with other existing liquid biopsy approaches, our 
approach is notably more straightforward, requiring only 
three key steps: exosome incubation, catalytic color devel-
opment, and signal readout. This simplicity reduces the 
technical demand on operators and facilitates broader adop-
tion and reproducibility across different laboratories [45, 
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Fig. 4  ML-based exosomal fingerprint analysis for trastuzumab thera-
peutic response prediction. (A) Two-dimensional scatter plot illustrat-
ing the distribution patterns of individual exosomes. (B) ROC curve 
demonstrating the predictive performance of SVM classification using 
exosomal fingerprints. (C) Confusion matrix evaluating SVM predic-
tion accuracy for trastuzumab response (overall accuracy = 81.82%). 
(D) Representative decision tree from RF classification, generated 
through interaction testing. (E) Minimal depth distribution analysis 
assessing the relative importance of each sensing element in the array. 

(F) Predictive accuracy of RF-based classification for trastuzumab 
efficacy (overall accuracy = 87.50%). (G) Visualization of the DT 
process for the training set. (H) Visualization of the DT process for 
the validation set. (I) Performance metrics of DT model in predict-
ing trastuzumab response (overall accuracy = 81.82%). (J) XGboost 
model complexity. (K) The decision curve of trastuzumab response 
prediction. (L) Predictive accuracy of XGboost-based classification 
for trastuzumab efficacy (overall accuracy = 75.00%)
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Fig. 5  Machine-learning-based identification of exosomal fingerprint 
derived from breast cancer patients. (A) Comparison of IHC and this 
sensor array-based method for exosomal fingerprint identification. (B) 

Comparative analysis between RF-based classification (training set: 
n = 48; test set: n = 24) and clinically evaluated therapeutic outcomes 
in the validation cohort (n = 20)
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methane was first dissolved in 0.02 mL of ammonia mono-
hydrate (AMH) and then diluted to 2 mL with water. These 
two solutions were subsequently mixed with 0.2 mL of the 
prepared HRP solution.

HOF2 was synthesized by dissolving 5  mg of 
4,4’,4’’,4’’’-methanetetrayltetrabenzimidamide tetrahy-
drochloride in 1.8 mL deionized water, and separately dis-
solving 3 mg of azobenzene-4,4’-dicarboxylic acid in 0.02 
mL AMH before adjusting the volume to 2 mL with water. 
The resulting solutions were combined with 0.2 mL HRP 
solution.

The preparation of HOF3 involved dissolving 3.7  mg 
of tetrakis(4-carboxyphenyl) methane in 3.8 mL deionized 
water, followed by the addition of another 3.8 mL water.

For HOF4, 2  mg of 1,3,6,8-tetrakis(4-carboxyphenyl) 
pyrene (H4TBAPy) was completely dissolved in 0.2 mL 
dimethylformamide (DMF) under ultrasonication, after 
which 0.2 mL HRP solution and 3.6 mL deionized water 
were added.

All reaction mixtures were stirred at 1200 rpm for 5 min 
at room temperature. The products were then collected by 
centrifugation at 12,000 rpm for 10 min, washed three times 
with double-distilled water, and finally dried at 45 °C under 
light-protected conditions for storage.

4.4  Characterization of HOF@ enzyme probes

HOF@ enzyme probes were characterized including the 
TEM, XRD patterns and FTIR spectra. The morphology of 
HOF@ enzyme was characterized by TEM (FEI Tecnai G2 
spirit, USA). The XRD petterns was measured by a Burker 
D8 Advance (Germany). FTIR spectroscopy was carried out 
on a Nicolet IS10 FTIR spectrometer (USA).

4.5  Exosome nanoscale flow cytometry (NanoFCM) 
analysis

A 10 µL aliquot of exosomes was diluted to 30 µL with PBS, 
followed by incubation with 0.5 µL of primary antibodies 
(CD9, CD63, CD81) at 37 °C for 30 min. The mixture was 
diluted with 1 mL of ice-cold PBS and pelleted via ultracen-
trifugation (110,000 × g, 4 °C, 70 min) using a fixed-angle 
rotor. The supernatant was carefully removed. The pellet 
was resuspended in 100 µL PBS and incubated with 0.5 
µL fluorescent secondary antibody (with a secondary-only 
control) at 37 °C for 30 min. The labeled exosomes were 
washed with 1 mL PBS and centrifuged again (110,000 × 
g, 4 °C, 70 min). The pellet was resuspended in 1 mL PBS 
and subjected to a third ultracentrifugation (110,000 × g, 
4 °C, 70 min) to ensure purity. The final exosome pellet was 
resuspended in 50 µL ice-cold PBS for NanoFCM analy-
sis. Samples were analyzed using NanoFCM, and protein 

concordance (100% sensitivity) in identification of patients 
with HER2+ BC. Our algorithm-sensor array co-optimiza-
tion approach has been also demonstrated with outstanding 
performance in evaluating the trastuzumab efficacy, so the 
presented sensor array can discriminate serum exosomes 
from distinct pathological sources through subtle spectral 
variations, and simultaneously resolve clinical limitations 
including operational complexity, inconsistent reproducibil-
ity and sample heterogeneity. The sensor array can authen-
ticate the HER2+ BC patients and trastuzumab efficacy with 
the help of machine learning, which might act as a powerful 
tool for clinical diagnosis after extensive analytical valida-
tion and clinical validation in larger, multi-center cohorts.

4  Methods

4.1  Materials

All chemical reagents were obtained from commer-
cial suppliers and used without further purification. 
4,4’,4’’,4’’’-Methanetetrayltetrabenzimidamide tet-
rahydrochloride, tetrakis(4-carboxyphenyl)methane, 
azobenzene-4,4’-dicarboxylic acid, and 1,3,6,8-tetrakis(4-
carboxyphenyl)pyrene (H4TBAPy) were purchased from 
J&K Scientific Ltd. (Beijing, China). N, N-Dimethylfor-
mamide (DMF) and horseradish peroxidase (HRP) were 
acquired from Sigma-Aldrich (Shanghai, China). For exo-
some isolation, the ExoQuick exosome precipitation kit 
(EXOTC10A-1 for cell culture media; EXOQ20A-1 for 
clinical samples) was procured from System Biosciences 
(Palo Alto, CA, USA). Ammonia monohydrate (AMH) 
was obtained from local chemical distributors. Anti-CD9, 
anti-CD63 and anti-CD81 antibodies were purchased from 
Abcam Inc (USA).

4.2  Cell lines

The human breast cancer cell lines, T47D, MCF-7, ZR-75-
1, BT474, MDA-MB-453, SKBR3, HCC1806 and MDA-
MB-231, were obtained from American Type Culture 
Collection (Manassas, VA, USA).

4.3  Synthesis of HOF@ enzyme probes

An aqueous stock solution of horseradish peroxidase (HRP) 
was prepared at a concentration of 20 mg/mL for subsequent 
use. Four distinct hydrogen-bonded organic frameworks 
(HOFs) were synthesized as follows:

For HOF1, 5 mg of 4,4’,4’’,4’’’-methanetetrayltetraben-
zimidamide tetrahydrochloride was dissolved in 1.8 mL of 
deionized water, while 6  mg of tetrakis(4-carboxyphenyl) 
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