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SUMMARY

Lung cancer remains the leading cause of cancer-related mortality worldwide. The need for cost-effective, 

non-invasive methods to detect specific gene mutations for targeted therapy and predict patient survival out

comes underscores the importance of advancing diagnostic and prognostic capabilities. Contemporary lung 

cancer diagnostic models often fail to integrate diverse patient data, leading to incomplete clinical assess

ments. To address these challenges, we propose LUCID, a multimodal data integration framework designed 

to predict epidermal growth factor receptor (EGFR) mutation status and survival outcomes in patients with 

lung cancer. Tailored for early-stage clinical assessment, LUCID leverages lung computed tomography 

(CT) images, chief complaints, laboratory test results, and demographic data to deliver comprehensive, 

non-invasive predictions. LUCID achieved strong performance in a retrospective cohort of 5,175 patients, 

with areas under the receiver operating characteristic curve (AUCs) ranging from 0.851 to 0.881 for EGFR mu

tation prediction and from 0.821 to 0.912 for survival time prediction. The model also demonstrated robust

ness across external validation cohorts and in scenarios with missing modalities.

INTRODUCTION

The global burden of lung cancer continues to present signif

icant challenges in healthcare, remaining the leading cause of 

cancer-related mortality worldwide.1,2 Recent advancements 

in artificial intelligence (AI) have opened the unprecedented 

opportunities for improving lung cancer diagnosis, treatment 

planning, and outcome prediction.3–8 The integration of AI- 

driven solutions with clinical practice has demonstrated 

particular promise in enhancing diagnostic accuracy and 

treatment efficacy, marking a paradigm shift in oncological 

care.9–13

In lung cancer management, AI has achieved significant tech

nological breakthroughs across multiple domains. Deep learning 

algorithms have demonstrated remarkable success in analyzing 

medical imaging data, including X-ray, computed tomography 

(CT) scans, positron emission tomography, and magnetic reso

nance imaging.14–17 These algorithms can detect subtle patterns 

and features that might escape human observation, enabling 

earlier and more accurate diagnosis. Additionally, AI approaches 

have shown exceptional capability in processing complex mo

lecular data, including genomic profiles and biomarker informa

tion, leading to more precise patient stratification and personal

ized treatment strategies.18–20
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The inherent multimodal nature of medical data presents both 

challenges and opportunities in lung cancer care. By analyzing 

diverse data types simultaneously, multimodal AI approaches 

provide a more holistic understanding of the disease. The 

increasing availability of high-quality paired datasets has acceler

ated the development and application of sophisticated 

multimodal fusion techniques.21–24 These multimodal models 

enhance the reliability and accuracy of AI systems across various 

applications, from initial diagnosis to treatment planning and 

prognosis prediction.7 They also enable clinicians to make more 

informed decisions based on comprehensive, personalized rec

ommendations that consider multiple aspects of patient data.25,26

Epidermal growth factor receptor (EGFR) gene mutation is a 

key driver of tumorigenesis and progression in certain types of 

non-small cell lung cancer.27–30 These mutations lead to the 

overactivation of the EGFR signaling pathway, promoting uncon

trolled tumor cell proliferation, survival, and metastasis. Specific 

EGFR mutations, such as exon 19 deletions and L858R muta

tions in exon 21, are well-established therapeutic targets for 

EGFR tyrosine kinase inhibitors (TKIs), which directly inhibit the 

aberrant EGFR activity. EGFR-TKIs have demonstrated signifi

cant clinical efficacy in patients harboring these mutations, offer

ing improved outcomes and fewer side effects compared to 

traditional chemotherapy.

Beyond mutation identification, accurate survival time predic

tion remains a crucial component in optimizing lung cancer treat

ment strategies. This prognostic information enables clinicians 

to develop more tailored treatment approaches while providing 

essential insights to patients and their families for future plan

ning.31 The prediction process integrates multiple clinical pa

rameters, including tumor characteristics, disease staging, pa

tient demographics, and overall health status, all of which 

significantly influence survival outcomes.32,33 Moreover, robust 

prediction models contribute to more efficient resource alloca

tion, helping optimize interventions to enhance both quality of 

life and treatment effectiveness.

To address these critical needs in lung cancer care, we intro

duce LUCID, a novel 2-stage multimodal integration model de

signed to predict both EGFR mutation types and patient survival 

times with enhanced accuracy. Our model leverages a compre

hensive dataset comprising 5,175 patients, incorporating multi

ple data modalities including CT images, patient-reported symp

toms, laboratory findings, and demographic information. 

LUCID’s integrated approach not only demonstrates superior 

predictive performance compared to conventional models but 

also highlights AI’s transformative potential in healthcare through 

its ability to facilitate more personalized treatment strategies.

The key contribution of our study lies in its multimodal 

approach, which leverages a custom-designed transformer 

framework to analyze four distinct data modalities for predicting 

both EGFR mutation types and survival times in lung cancer pa

tients. Extensive experimental validation demonstrates LUCID’s 

superior performance compared to traditional single-modality 

approaches. The model achieves areas under the receiver oper

ating characteristic curve (AUC) scores of 0.851–0.881 for EGFR 

mutation prediction and 0.821–0.912 for survival time prediction. 

External validation on an independent dataset also shows robust 

performance. Notably, while LUCID is trained on paired multi

modal data, it maintains robust performance even in scenarios 

with single-modality input or missing modalities. These results 

represent a significant advancement in the field of AI-driven 

lung cancer diagnostics and prognostics.

RESULTS

Patient characteristics

In this study, we utilized a well-established multimodal lung cancer 

dataset from West China Hospital. This dataset comprises 8,162 

lung cancer patients1 since 2009. After applying the eligibility 

criteria, 5,175 cases were enrolled for training and internal valida

tion of our study. For external validation, we used a separate data

set of 1,285 patients from Sun Yat-sen Memorial Hospital. Male 

patients constituted 48.95% of the training and internal validation 

dataset, with the percentage in the external validation dataset be

ing 57.51%. Each patient underwent chest CT scans, and we ex

tracted detailed demographic metadata from their electronic 

health records, including demographic information, cancer sub

types, staging details, and textual chief complaints. Blood sam

ples were collected after fasting, followed by laboratory tests 

and medical follow-ups. Additionally, we conducted tests to deter

mine the EGFR mutation types of the patients. The clinical charac

teristics of the patients from each dataset used in our model devel

epment and validation are shown in Tables 1 and 2.

A two-stage deep learning framework for multimodal 

lung cancer diagnosis

Here we introduce LUCID, a multimodal integration model for 

lung cancer identification that includes EGFR gene mutations 

and patients’ expected survival time. An overall illustration of 

LUCID is shown in Figure 1. Unlike conventional end-to-end 

models, LUCID operates in two distinct stages.

In the first stage (Figure 1A, see STAR Methods for details), we 

implemented a Vision Transformer (ViT)-based classification 

model34 that was pretrained on the ImageNet-1000 dataset.35

We fine-tuned this model using an independent dataset from 

West China Hospital, which includes all CT scans from 56 pa

tients, totaling 4,099 lung CT images. Among these, 447 CT im

ages were annotated with lesions by expert radiologists. The ViT 

model generates representional vectors for each CT image and 

classified them via a multilayer perceptron model,36 distinguish

ing between normal CT images and those with potential lesions. 

These selected images are then processed in the second stage 

for further multimodal analysis and prediction.

In the second stage (Figure 1B, see STAR Methods for details), 

we employed a multimodal fusion approach using a specially de

signed transformer17,37 architecture that incorporates both 

cross-attention and joint-attention modules to encode different 

data modalities hierarchically (Figure 3). Each CT image was 

divided into 16 × 16 pixel patches, and a convolutional neural 

network (CNN)38 was used for feature extraction. To encode 

the textual chief complaints associated with the CT scans, we 

used the BERT39 autoencoder large language model (LLM). 

The complete blood count, consisting of 92 indicators, was 

also encoded for integration, along with the patients’ demo

graphic information. The multimodal interaction attention 

mechanism in LUCID, through both the cross-attention and 
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joint-attention modules, enabled the comprehensive fusion of CT 

images, textual chief complaints, and laboratory test results, 

capturing shared and complementary information. The fused 

multimodal representations were then combined with patients’ 

demographic information to perform subsequent classification 

and prediction tasks.

In this study, we employed the LUCID stage-1 model to filter 

suspicious CT images from CT scans and use the LUCID 

stage-2 model to predict EGFR mutation types and survival out

comes in lung cancer patients. The model was trained and tested 

on the West China Hospital dataset and externally validated us

ing the Sun Yat-sen Memorial Hospital dataset.

Binary classification model helps filter CT images

Consistent with the methodologies employed by healthcare pro

fessionals, the first step in analyzing a patient’s CT images in

volves selecting those CT images that may contain abnormal 

patterns or lesions from the entire image set of CT scan. This 

crucial task, while essential, is often time consuming and 

demands considerable effort from radiologists. In our study, 

we utilized the LUCID stage-1 model to efficiently filter these sus

picious CT images.

We conducted a 5-fold cross validation on the annotated CT 

image dataset from West China Hospital and plotted the AUC 

curve for each fold, as shown in Figure 2B. LUCID’s stage-1 

model demonstrates impressive classification performance. 

The model exhibited strong and consistent performance across 

all five validation folds, achieving an AUC of 0.957 (95% confi

dence interval [CI], 0.933–0.981) and an F1 score of 0.878 

(95% CI, 0.842–0.914). This indicates its effectiveness in identi

fying the majority of lung images with lesions. Empirically, we 

took out all lung CT images of a single patient (ID: 

0019770975) who presented a lesion in the lower-left region of 

the lungs (Figure 2C). As highlighted by the red border, the 

stage-1 model efficiently identified most of the CT images dis

playing lower-left corner lesions, demonstrating its practical 

application in real-world scenarios.

In addition, we witnessed a scaling law in the stage-1 ViT 

classification models in LUCID. As illustrated in Figure 2A, 

we compared the accuracy, AUC, and F1 metrics of ViT 

models with different parameter sizes (86 M for ViT-b, 

307 M for ViT-l, and 632 M for ViT-h). The results confirmed 

that ViT models with larger parameters yield superior image 

classification results, aligning with findings observed in the 

general domain.40 We further implemented the ViT-h-based 

stage-1 model on the whole lung cancer dataset for unlabeled 

CT images selection. The model selected 24,773 highly suspi

cious CT images from 375,660 lung CT images of 5,175 pa

tients (6.5%), averaging 4.78 CT images per patient in the 

West China Hospital dataset, and 6,228 highly suspicious 

CT images from 87,626 lung CT images of 1,285 patients 

(7.11%), averaging 4.85 CT images per patient in the external 

validation dataset. Most of these CT images contain lesions 

or nodules. The filtered CT images were used for inputs of 

stage-2 models.

Table 2. Clinical characteristics of the external validation cohort

EGFR-wild type EGFR-mutant type

Subjects (n) 551 734

Age (years) 58.68 (±12.06) 58.96 (±10.81)

Sex

Male 341 (61.89) 398 (54.22)

Female 210 (38.11) 336 (45.78)

Stage of disease

Stage I 119 (21.60) 199 (27.11)

Stage II 142 (25.77) 227 (30.93)

Stage III 123 (22.32) 107 (14.58)

Stage IV 167 (30.31) 201 (27.38)

Values are expressed as the mean ± standard deviation or as counts (with 

percentages) as appropriate. 

Data are presented as the mean ± SD, or n (%), unless otherwise stated. 

EGFR, epidermal growth factor receptor.

Table 1. Clinical characteristics of the internal training and 

validation cohort, differentiated by EGFR types (EGFR-wild type 

and EGFR-sensitive type)

EGFR-wild type EGFR-sensitive type

Subjects (n) 2,047 3,128

Age (years) 58.4 (±11.28) 58.76 (±10.34)

Sex

Male 670 (32.73) 1,863 (59.56)

Female 1,377 (67.27) 1,265 (40.44)

Smoking history

Yes 1,219 (59.55) 846 (27.05)

No 828 (40.45) 2,282 (72.95)

Stage of disease

Stage I 519 (25.35) 1,189 (38.01)

Stage II 218 (10.65) 256 (8.18)

Stage III 596 (29.12) 519 (16.59)

Stage IV 714 (34.88) 1,164 (37.21)

Pathology type

ADENO-CA 1,353 (66.10) 2,970 (94.95)

SQ-CA 550 (26.87) 71 (2.27)

Others 144 (7.03) 87 (2.78)

EGFR mutations

Common mutation – 2,903 (92.80)

Rare mutation – 160 (5.13)

20-INS – 63 (2.01)

T790M – 2 (0.06)

Data include age, gender, smoking history, stage of disease at diagnosis, 

pathological type, and EGFR mutation types. Values are expressed as the 

mean ± standard deviation or as counts (with percentages) as appro

priate. EGFR stands for epidermal growth factor receptor. ADENO-CA 

and SQ-CA refer to adenocarcinoma and squamous cell carcinoma, 

respectively. 

Data are presented as the mean ± SD, or n (%), unless otherwise stated. 

EGFR, epidermal growth factor receptor. 

Common Mutations include Exon 19 deletions and L858R mutations in 

Exon 21, which are the most frequent EGFR mutations sensitive to 

EGFR-TKI therapies. 

Rare mutations refer to less common EGFR mutations, which include 

G719X, S768I, L861Q, and other rare mutations.
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In clinical settings, the stage-1 model can function indepen

dently as a software tool for radiologists, enabling them to 

quickly isolate CT images that require detailed examination. 

This capability can significantly streamline the CT review pro

cess, allowing radiologists to concentrate on the most suspi

cious images, thereby potentially improving diagnostic efficiency 

and accuracy.

Multimodal integration synthesizes holistic insights

The LUCID framework effectively integrates multimodal medical 

data, ranging from CT images, patients’ textual chief com

plaints, and laboratory test results to demographic information, 

through a hierarchical pipeline (Figure 3A). This multimodal inte

gration capability enhances the framework’s flexibility and 

applicability.41,42

During training and inference, CT images are first divided 

into patches and encoded using a pretrained CNN model.38

Simultaneously, the patients’ textual chief complaints are pro

cessed through BERT language model39 to generate text em

beddings, while laboratory test results are encoded to match 

the dimensionality of these text embeddings. Then, the text 

embedding and laboratory test embedding features are 

concatenated into a combined vector as the clinical embed

dings. At the core of LUCID’s architecture, we employed a 

cross-attention mechanism43,44 within the first three layers. 

This cross-attention mechanism enables bidirectional infor

mation exchange between modalities through symmetric 

attention flows. When processing CT image embeddings, 

the clinical features act as attention keys while the CT image 

embeddings serve as queries and values. This process is 

mirrored in the opposite direction, allowing each modality to 

guide and enhance the representation of the other through 

mutual cross-attention (Figure 3B). We employ a joint-atten

tion mechanism in the subsequent nine layers to further 

consolidate and integrate the multimodal features37 (Figure 

3C). Prior to final classification, patient demographic informa

tion is encoded and concatenated with the fused multimodal 

representations. This hierarchical combination of cross-atten

tion followed by joint-attention enables the model to progres

sively fuse the heterogeneous data streams. By first establish

ing modality-specific interactions through cross-attention and 

then performing deeper integration through joint-attention, the 

model effectively synthesizes the complementary information 

from both modalities.

We designed a specialized loss function that combines mul

tiple classification objectives (Figure 3B, see STAR Methods

for details). The function incorporates three components: 

the primary loss from the final multimodal predictions and 

auxiliary classification losses from both the CT image and 

clinical embeddings after the cross-attention stage. This 

multi-level supervision ensures that each modality’s repre

sentations remain discriminative even before final fusion, 

enabling robust performance when only partial modalities 

are available.

Figure 1. Pipeline of the multimodal LUCID lung cancer diagnostic model 

(A and B) The model comprises two primary stages. (A) Stage 1 performs binary classification on CT images to identify those with high suspicion of malignancy. (B) 

Stage 2 integrates four modalities—CT images, textual complaints, lab results, and demographic data—to predict EGFR mutation type or survival time. LUCID is 

robust to missing modalities and adapts accordingly.
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LUCID can accurately distinguish EGFR type

We evaluated LUCID on two binary EGFR classification tasks: (1) 

distinguishing EGFR-sensitive cases (N = 591) from EGFR-resis

tant cases (N = 444) and (2) distinguishing EGFR-wild-types 

cases (N = 599) from other cases (N = 436). LUCID demonstrated 

strong performance on both EGFR classification tasks. For 

EGFR-sensitive versus EGFR-resistant classification, LUCID 

achieved an AUC of 0.881 (95% CI, 0.860–0.901) (Figure 4A). 

In the EGFR-wild-types versus EGFR-mutant-type classifica

tion, LUCID achieved an AUC of 0.851 (95% CI, 0.836–0.866) 

(Figure 4B).

To better demonstrate the effectiveness of the LUCID frame

work, we compare it against a variety of unimodal and bimodal 

models (see STAR Methods for details). These include the Basic 

Info Only model, an support vector machine classification 

model45 that relies solely on basic demographic information 

such as age, sex, family disease history, and smoke history; 

the Text Only model, which utilizes a pretrained BERT language 

model39 to classify text derived from patients’ chief complaints; 

the Lab Test Only model, a random forest model46 categorizing 

patients based on their laboratory test results; the Image Only 

model, a pretrained ViT model34 for binary classification on CT 

images; and the Text + Lab Test model, a model that is based 

on the transformer architecture,47 integrating both patient com

plaints and laboratory test data through cross-attention for 

classification.

Performance comparisons across AUC, accuracy, recall, pre

cision, and F1 metrics between LUCID (All Modalities) and other 

baseline models are shown in Figures 4A and 4B. LUCID consis

tently outperformed unimodal and bimodal baselines on all eval

uation metrics. In the EGFR-sensitive classification task, the 

Image Only model achieved the highest performance among 

other baseline models with an AUC of 0.822 (95% CI, 0.801– 

0.843), followed by the Text + Lab Test model (AUC of 0.787 

[95% CI, 0.732–0.841]), Basic Info Only model (AUC of 

0.762 [95% CI, 0.743–0.782]), Lab Test Only model (AUC 

of 0.725 [95% CI, 0.715–0.736]), and Text Only model (AUC of 

0.669 [95% CI, 0.645–0.694]). For EGFR-mutant-type classifica

tion, a similar performance pattern emerged. The Image Only 

model led with an AUC of 0.807 (95% CI, 0.800–0.814), followed 

by the Text + Lab model (AUC of 0.794 [95% CI, 0.726–0.862]), 

Basic Information model (AUC of 0.764 [95% CI, 0.746–0.781]), 

Laboratory Test model (AUC of 0.730 [95% CI, 0.715–0.744]), 

and Text Only model (AUC of 0.650 [95% CI, 0.620–0.680]). All 

confidence intervals were computed across five random seeds.

Multimodal EGFR mutation prediction offers several clinical 

advantages. By leveraging readily avaliable data such as CT im

ages, laboratory test results, and information from electronic 

medical records (EMR) systems, this approach could reduce reli

ance on invasive tissue biopsies, minimizing patient risk and 

discomfort. The rapid, non-invasive nature of this prediction 

method could potentially accelerate treatment decisions by 

Figure 2. The architecture of the multimodal integration module of LUCID 

(A) LUCID incorporates four distinct input modalities: CT images, patient’s textual chief complaints, laboratory test results, and demographic information. Each 

modality is initially encoded into a vector representation before sending into the hierarchical multimodal integration framework. The loss computation encom

passes image classification loss, clinical classification loss, and joint loss. 

(B) Joint-attention mechanism: image and clinical embeddings are merged to create a joint embedding. Multihead attention calculations are then performed to 

discern the inner-attention across varied features. 

(C) Cross-attention mechanism: embeddings from one modality serve as the key vector in multihead attention computations, while embeddings from the other 

modality function as value and query vectors. This facilitates the attention calculations between distinct modalities.
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providing preliminary EGFR status information while awaiting 

confirmatory molecular testing results.

LUCID can effectively predict patient outcomes

We extended LUCID’s evaluation to survival prediction tasks 

across multiple time horizons: 1-year (835 [87.7%] survivors, 

117 [12.3%] deceased), 3-year (469 [49.3%] survivors, 483 

[50.7%] deceased), and 5-year (199 [20.9%] survivors, 753 

[79.1%] deceased). Following with the same comparative frame

work used in EGFR mutation prediction, we benchmarked 

LUCID against baseline models for each survival endpoint. The 

results are presented in Figures 4C–4E. LUCID demonstrated 

strong predictive performance across all survival prediction 

task. For 1-year survival prediction, the model achieved an 

AUC of 0.821 (95% CI, 0.806–0.836) and accuracy of 0.764 

(95% CI, 0.754–0.774). Similar performance was observed for 

3-year survival prediction, with an AUC of 0.884 (95% CI: 

0.844–0.924) and accuracy of 0.843 (95% CI: 0.822–0.864). 

The 5-year prediction task yielded an AUC of 0.912 (95% CI: 

0.886–0.937) and accuracy of 0.888 (95% CI: 0.835–0.941). 

These results consistently exceeded the performance of unimo

dal and bimodal baselines across all evaluation metrics.

In addition, we visualized Kaplan-Meier (KM) survival curves 

for LUCID-identified risk groups across all three survival times 

in Figures 4C–4E. For 1-year survival prediction, our model 

correctly identified almost all low-risk patients, and the survival 

status of the high-risk patients, as indicated by the model, 

aligned with the survival curve. The 3-year and 5-year predic

tions also demonstrated clear separation between risk groups, 

with survival patterns closely matching the model’s risk stratifi

cation. Statistical significance of these risk stratifications was 

confirmed through log rank tests (p-value of 3.39 × 10− 6 for 

1 year predictions, 8.27 × 10− 20 for 3 year predictions, and 

1.63 × 10− 30 for 5 year predictions) of the KM curves.

LUCID’s ability to stratify patients by survival risk across mul

tiple time horizons has practical clinical relevance. The model’s 

risk predictions could assist clinicians in treatment planning 

and resource allocation by providing objective prognostic 

information.

Multimodal integration improves single modal 

performance

Although multimodal integration using LUCID offer high predic

tive performance, they require comprehensive data collection 

across multiple modalities for training and validation, which 

can be resource intensive in clinical settings. This limitation moti

vated us to investigate whether LUCID’s multimodal architecture 

could benefit single-modality scenarios through knowledge 

Figure 3. Performance and empirical examples of the stage-1 classification model 

(A) We evaluated ViT models at varying parameter scales and observed a scaling law in classification capability with the increase of the models’ parameters. 

(B) A 5-fold validation was conducted during the training of the stage-1 model, and we plotted the AUC along with the 95% CI region. 

(C) All CT images from a patient (PID:0019770975) diagnosed with stage-4 lung cancer were processed through our stage-1 model. CT images outlined in red 

indicate the model’s predictions with a high suspicion of lung cancer presence. Data are represented as mean ± 95% CI.
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Figure 4. Performance evaluation of LUCID in EGFR type and survival prediction 

Comparison of LUCID’s accuracy with other methods in two EGFR mutation prediction tasks (N = 1,035) and three survival prediction tasks (N = 952). 

(A) AUC and method comparisons for distinguishing EGFR-sensitive cases from others (591:444). 

(B) AUC and method comparisons for distinguishing EGFR wild type from mutant-type cases (599:436), including unimodal and bimodal approaches. 

(C–E) KM curves and method comparisons for predicting 1-year (835:117), 3-year (469:483), and 5-year (199:753) survival. Data are represented as mean ± 

95% CI. p values for KM curves are calculated.

Cell Reports Medicine 6, 102216, July 15, 2025 7 

Article
ll

OPEN ACCESS



transfer. Recent advances in computer vision have shown that 

models trained on paired image-text data can develop robust 

zero-shot capabilities,48 suggesting that knowledge from multi

modal training might transfer effectively to unimodal scenarios. 

Building on these insights, we evaluated whether LUCID’s multi

modal training could enhance performance when operating with 

limited modalities at inference time.

We evaluated LUCID’s performance with unimodal inputs by 

randomly initializing the missing modalities during inference. 

For EGFR-sensitive mutation prediction, our multimodal method 

yielded superior results: with image-only input, LUCID achieved 

an AUC of 0.822 and F1 score of 0.754, surpassing the image- 

only baseline model (AUC: 0.803, F1: 0.718). Similarly, with 

text-only input, LUCID attained an AUC of 0.669 and F1 score 

of 0.677, exceeding the text-only baseline performance (AUC: 

0.657, F1: 0.606). These improvements over modality-specific 

baselines (Table S1) suggest that LUCID’s multimodal training 

enables effective knowledge transfer even when operating with 

limited modality access.

External validation demonstrates strong generalizability

We evaluated LUCID on an external validation dataset, using pa

tients’ multimodal medical information to predict EGFR mutation 

status (EGFR-mutant-type cases [N = 734] versus EGFR-wild- 

type cases [N = 551]). As shown in Figure 5A, LUCID achieved 

an AUC of 0.876 (95% CI, 0.857–0.893) for EGFR mutation binary 

classification across the total 1,285 patients. This robust perfor

mance on an independent cohort demonstrates the model’s 

strong generalizability beyond the training dataset.

Additionally, we conducted an ablation study to assess the 

importance of different input modalities. Specifically, we 

removed one modality among demographic information, textual 

chief complaints, or laboratory test results each time and calcu

lated the model’s performance using the remaining three modal

ities; results are shown in Figure 5B. The ablation analysis re

vealed that removing laboratory test results led to the largest 

performance drop (ΔAUC = 0.094, AUC = 0.785, 95% CI: 

0.731–0.839), followed by textual chief complaints (ΔAUC = 

0.080, AUC = 0.799, 95% CI: 0.783–0.815), while removing 

demographic information had a relatively smaller impact 

(ΔAUC = 0.041, AUC = 0.838, 95% CI: 0.807–0.869). This quan

titative analysis confirms that, besides CT images, laboratory 

markers also contain particularly valuable signals for EGFR mu

tation prediction, though the integration of all modalities yields 

optimal performance.

DISCUSSION

This paper introduces LUCID, a multimodal integration model 

based on transformer architecture utilizing cross-attention and 

joint-attention mechanisms. By integrating diverse data sources, 

including CT images, textual chief complaints, laboratory test re

sults, and patient demographic information, LUCID optimizes 

the diagnostic process for lung cancer and enhances the predic

tion of EGFR mutations and prognostic outcomes.

In comparative analyses with existing unimodal models, 

LUCID consistently demonstrates superior performance and 

robustness in predicting EGFR mutation types and prognosis, 

both on test datasets and external validation datasets. Its multi

modal framework outperforms other unimodal models even in 

scenarios with missing data, further validating its applicability 

and resilience.

As a two-stage model, LUCID’s first phase effectively iden

tifies potential lesions from CT image sequences; this can be 

applied to assist radiologists and clinicians in their diagnostic 

processes. Additionally, as a non-invasive method, LUCID’s 

multimodal predictive capabilities can be integrated into clinical 

decision support systems, providing clinicians with an analytical 

framework that enhances diagnostic accuracy and reduces 

cognitive load. Its adaptability to incomplete data ensures deci

sion-making, while patients can benefit from personalized treat

ment plans and improved therapeutic outcomes. This also facil

itates clearer prognostic understanding, promoting informed 

discussions with healthcare providers.

A B

Figure 5. LUCID’s performance on external validation dataset and evaluations of different modalities 

(A) LUCID demonstrated strong predictive performance with an AUC of 0.876 (95% CI: 0.857–0.893) on the external validation dataset (N = 1,285). 

(B) Overall performance and three feature exclusion experiments suggest that different feature modalities contribute differently to the model’s predictive 

capability. Data are represented as mean ± 95% CI.
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LUCID serves as a general training framework applicable to 

various multimodal medical data, such as X-ray and gene 

sequence, and is capable of predicting different cancer-related 

gene mutations and prognostic outcomes. However, the 

LUCID approach has certain limitations. The current model re

quires a substantial amount of high-quality, matched multimodal 

data for training, which is challenging to obtain in real-world set

tings. Nevertheless, advancements in vision-language founda

tion models and synthetic data technologies may help overcome 

this challenge. Additionally, incorporating a new gene mutation 

type necessitates retraining the model, which is computationally 

intensive. Future efforts could explore using multimodal data to 

predict comprehensive genomic information.

Our survival prediction model offers significant clinical utility by 

equipping oncologists with a data-driven tool to assess patient 

prognosis with greater accuracy. In particular, the model is de

signed for patients in the early stages of clinical evaluation—those 

who have not yet been definitively diagnosed or had treatment 

plans established. In practical terms, the model can be seam

lessly integrated into routine clinical workflows, leveraging widely 

available data such as CT images, laboratory results, and demo

graphic information. By providing survival predictions at multiple 

time points—specifically 1, 3, and 5 years—it empowers clini

cians to develop personalized treatment plans tailored to each 

patient’s unique risk profile. This capability optimizes resource 

allocation, enhances follow-up care, and enables more informed 

decision-making. For patients presenting with initial suspicious 

findings, such as abnormal CT scans or symptoms, the model 

provides early prognostic insights that can guide diagnostic prior

itization, biopsy decisions, and preliminary treatment discussions. 

For patients, the model fosters a clearer understanding of their 

prognosis and available care options, promoting shared deci

sion-making between patients and healthcare providers. Further

more, the model’s ability to stratify patients based on survival risk 

facilitates timely interventions or adjustments to treatment strate

gies, particularly for those identified as having poorer outcomes. 

This approach is non-invasive, scalable, and cost effective, mak

ing it a valuable complement to traditional clinical assessments. 

Ultimately, our model enhances lung cancer prognosis by 

enabling personalized care, which we believe can lead to 

improved patient outcomes.

In summary, LUCID represents a significant advancement in 

the diagnosis and prognostic prediction for lung cancer patients 

through multimodal data integration. By combining CT imaging 

with multimodal information, it provides clinicians and re

searchers with a reliable tool that enhances decision-making 

and patient management. LUCID also models the associations 

between different modalities and gene mutations, laying the 

groundwork for future research.

Limitations of the study

Although this study has achieved promising results, there are still 

several limitations to be addressed. First, LUCID’s performance 

depends heavily on the availability of high-quality, well-aligned 

multimodal data, including CT images, textual chief complaints, 

laboratory test results, and demographic information. In real- 

world clinical environments, such comprehensive datasets are 

often incomplete, heterogeneous, or inconsistently annotated,49

which poses challenges to generalizability and model robust

ness across institutions. Second, while LUCID demonstrates 

adaptability to missing data during inference, training the model 

still requires a substantial volume of fully matched multimodal in

puts. This limitation can hinder scalability and limit its applica

bility in resource-constrained settings. Advances in vision-lan

guage foundation models and synthetic data generation may 

help alleviate this barrier by augmenting training data or 

improving model pretraining.7 Another limitation lies in LUCID’s 

gene mutation prediction capability. The model currently re

quires retraining to accommodate new mutation types, which 

is computationally intensive and may not be practical for dy

namic clinical environments where genetic markers of interest 

evolve over time.50 Future extensions could explore continual 

learning strategies or modular architectures to enable more flex

ible updates.
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

In our work, we used a large dataset from West China Hospital for training and test, which contains 8,162 patients in total and an 

external validation dataset from Sun Yat-sen Memorial Hospital containing 1285 patients. Each patient has his/her medical records, 

including demographic information, laboratory test results, and clinical notes. Since all the patients had lung diseases, most of them 

had at least one CT scan. We aligned all patients who had both medical records and CT scans, resulting in paired data for 5,175 pa

tients for West China Hospital dataset and all the patients for Sun Yat-sen Memorial Hospital dataset. The details of the patients’ 

charateristics can be found in Tables 1 and 2, and a comparison between the two datasets can be found in Table S2. Additionally, 

we asked specialists to annotate 4,099 lung CT images of 56 independent patients and to identify those CT images with possible 

lesions. The annotated images were used to train the Stage-1 binary classification model to distinguish the normal and abnormal 

CT images.

By assuring each patient has at least one CT scan, we align the medical records according to their patient IDs. We selected 

patients’ textual chief complaints, laboratory test results, and demographic information as multimodal inputs. In terms 

of chief complaints, we extract them from the patient’s visit record and limit the length of the text to 40, which is about twice 

the median length of all chief complaints. The texts beyond the threshold are truncated. For laboratory results, we selected 

all the lab test results from complete blood counts consisting 92 features and normalized their values. For demographic 

information, we manually selected four features: age, sex, smoking history, and family lung cancer history. For patients have 

no chief complaints, we use "the patient reports chest pain for several days." for placeholder. For patients have no lab test re

sults and demographic information, we use average feature value for continuous features and 0 for categorical features 

imputation.

For the West China Hospital dataset, we extracted 20% of the patients (1,035 patients) as the test dataset and divided the remain

ing 80% of the patients (4,140 patients) into a training dataset. All the 1,285 patients from the Sun Yat-sen Memorial Hospital dataset 

are taken as the independent external validation dataset, followed by the same preprocessing procedures.

METHOD DETAILS

EGFR mutation detection

EGFR mutation detection was performed using next-generation sequencing (NGS).51,52 Tumor DNA was extracted from formalin- 

fixed paraffin-embedded (FFPE) tissue samples or fresh biopsy specimens using a commercially available DNA extraction kit.53,54

The DNA concentration and purity were assessed using a NanoDrop spectrophotometer. The NGS panel targeted critical regions 

of the EGFR gene, including exons 18, 19, 20, and 21, which are commonly associated with lung cancer.55–57 Sequencing was 

conducted on a high-throughput platform, ensuring a depth of coverage sufficient for detecting mutations with high sensitivity 

and specificity. Variant calling and annotation were performed using validated bioinformatics pipelines, which included quality con

trol measures to minimize sequencing artifacts. Identified mutations, such as exon 19 deletions and L858R point mutations, were 

validated against known standards to ensure accuracy.58

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

West China Hospital dataset Retrospective cohort 

(5,175 patients)

Available upon request (see data and code availability)

Sun Yat-sen Memorial Hospital dataset External validation cohort 

(1,285 patients)

Available upon request (see data and code availability)

Software and algorithms

PyTorch PyTorch Foundation https://pytorch.org/

NVIDIA Apex NVIDIA https://developer.nvidia.com/apex

Vision Transformer (ViT) Torchvision https://pytorch.org/vision/main/models.html

BERT Hugging Face https://huggingface.co/google-bert/bert-base-chinese

LUCID GitHub https://doi.org/10.5281/zenodo.15259609
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Data preprocessing

Patient data are available in multiple modalities, including CT images, textual chief complaints, laboratory test results and demo

graphical information. Before integrating these modalities, it is essential to preprocess and represent each type of data using a stan

dardized pipeline.

Image preprocessing

CT images are typically high-resolution and vary in size. Before sent to the model, all CT images are standardized to ensure consis

tency and enhancing the model’s ability to learn from the data. In the training phase, each image in the CT image set is resized to a 

standard dimension of 256 × 256 pixels. Following this, a random portion of each resized image is cropped. The size of this cropped 

patch is determined by an area ratio, which is randomly selected between 0.09 and 1.0 relative to the original image size. This intro

duces variability in the training data, helping the model generalize better. The randomly cropped section is then resized to 224 × 224 

pixels, which is often required for models pre-trained on datasets like ImageNet.35 To further enhance the diversity of the training 

data, a random horizontal flip and rotation are applied to the cropped patch.59

During the validation and testing phases, each image is resized to 256 × 256 pixels, similar to the training phase. However, instead 

of random cropping, a central square patch of 224 × 224 pixels is extracted. This ensures that the evaluation is consistent and not 

influenced by random transformations, providing a stable benchmark for model performance.60

Text preprocessing

LUCID takes textual data related to patients, specifically focusing on their chief complaints. Each text entry provides information for 

diagnosis and prognosis tasks. The text data varies in length and content, necessitating a preprocessing strategy to standardize the 

input for machine learning models.

First, each patient’s chief complaint text is adjusted to a fixed length of 40 words. For texts that exceed this length, truncation is 

applied to retain only the first 40 words. Conversely, for texts with fewer than 40 words, padding is employed using a special < pad > 

token to reach the desired length. Next, we utilize an autoencoder-based LLM, specifically BERT39 in our experiments, to convert 

each word in the text into a 768-dimensional context-aware vector. The combined vector for each text segment is used as the final 

representation. For patients without recorded chief complaints, we default to inputting "the patient reports chest pain for 

several days."

Laboratory test data preprocessing

The laboratory data comprise 92 test indicators derived from complete blood counts, each represented as a numerical value. To pre

pare these data for integration with other modalities, we begin by applying min–max normalization to each data point. This step 

scales the values to a uniform range, ensuring consistency across features. Subsequently, each normalized value is transformed 

into a 768-dimensional vector using a learnable linear layer. This transformation aligns the laboratory data with the dimensionality 

of other data modalities, facilitating seamless integration. To handle missing values, we utilize k-nearest neighbors (KNN) imputation 

techniques.61 This method estimates and fills in missing values by considering the similarity to other data points, thereby maintaining 

the integrity and completeness of the dataset.

Demographic data preprocessing

The basic demographic information of the patient includes four elements: age, sex, smoking history, and family lung cancer history. In 

our experiment, each element is encoded using a process similar to that used for the laboratory test data. Initially, each demographic 

element is normalized or standardized to ensure consistency across features. For instance, age is scaled to a specific range, while 

categorical variables like sex, smoking history, and family history are converted into numerical representations using label encoding. 

Once standardized, each element is transformed into a 768-dimensional vector using a learnable linear layer. This transformation 

aligns the demographic data with the dimensionality of other data modalities, facilitating multimodal integration. The resulting vectors 

are then combined into a composite encoded vector.

Stage-1 binary classification model

Given a series of CT images represented as I = [i1; i2; :::; in] and their corresponding labels C = [c1;c2; :::;cn], we employ the Vision 

Transformer (ViT) architecture for classification.34 Each CT image ij is first segmented into fixed-size nonoverlapping patches of size 

P× P. Subsequently, these patches are linearly transformed into vectors of dimension D. The embedding for a given image ij is math

ematically described as:

Eij = Wemb ⋅ flatten
(
ij
)

+ bemb + pemb;

where Wemb is an embedding weight matrix, bemb is an associated bias, and pemb provides the model with spatial context. Further

more, a learned class token, denoted as [CLS], is introduced at the beginning of this sequence. This class token is instrumental for the 

classification procedure. The resulting sequence undergoes processing across several transformer encoder layers. Within these 
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layers, the relationship between patches is analyzed using a multihead self-attention mechanism,37 which is mathematically articu

lated as:

Attention(Q;K;V) = softmax

(
QK

T

̅̅̅̅̅
dk

√

)

V;

where Q, K and V are the query, key, and value matrices, respectively. Upon progressing through the transformer layers, the output 

linked to the [CLS] token is subjected to a linear transformation to produce the class logits. This relationship is expressed as:

logitsj = Wcls⋅CLSj + bcls;

Finally, these logits are passed through a softmax function to yield class probabilities. During the training process, a cross-entropy 

loss is computed between logitsj and the label cj to guide the model’s optimization.

Stage-2 multimodal integration model

The LUCID model contains 4 inputs from different modalities, including CT images I = [i1; i2;:::; in], textual data T = [t1;t2;:::;tn], lab

oratory test data L = [l1; l2; :::; ln] and demographic information B = [b1;b2;:::;bn]. Once we obtain the vector representation of each of 

the multimodal inputs, the LUCID model integrates them hierarchically (Figure 2).

First, LUCID combines the embeddings of the chief complaints Etj and the laboratory test data Elj . This is done by concatenating 

the two representation vectors to obtain a complete clinical embedding Ecj
= [Etj : Elj ] of the patient’s clinical status. Then, the second 

step is the deep integration of image embedding Eij and clinical embedding by using the transformer model with a cross-attention 

mechanism.44 In this cross-attention process, embeddings from one modality serve as the key within the MultiHead Attention 

(MHA) mechanism, interacting with the value and query, both of which are sourced from the other modality’s embedding.

Qi;Ki;Vi = LP
(
Norm

(
Eij

))
;

Qc;Kc;Vc = LP
(
Norm

(
Ecj

))
;

where LP ( ⋅) and Norm ( ⋅) represent linear projection and layer normalization, respectively. The calculation of the cross-attention 

block can be summarized as:

E
′

ij
= Attention(Qc;Ki;Vi);

E
′

cj
= Attention(Qi;Kc;Vc);

where Attention ( ⋅) capture the intramodal connections in the CT image and clinical information, respectively, and the cross-attention 

transformer here is mainly for learning fused mid-level representations by capturing interconnections among tokens from the same 

modality and across different modalities.

After the three layers of the cross-attention transformer, we concatenate the image embedding E′
ij 

and clinical embedding E′
cj 

together and pass the concatenated vector through nine layers of the joint-attention transformer block to continue learning the as

sociations between the internal elements. Finally, we connect the transformer’s output vector to the patient’s basic demographic 

information vector Ebj 
and obtain the model’s prediction p through a multilayer perceptron classification layer.

p = MLP
(

MHA
([

E
′

ij
;E

′

cj

])
+ Ebj

)

In the multimodal integration stage, we integrated the four inputs three times hierarchically. This is in fact because the amount of in

formation contained in the different inputs is different so that the model can better learn the features of each modality through this 

stepwise integration. When computing the loss function, our model not only computes the classification loss Ljoint after multimodal 

integration but also computes the classification loss for the image embedding Limage and clinical embedding Lclinical generated after 

the cross-attention stage so that the classification effect of each module alone can also achieve a better performance.

L = (1 − α − β)Ljoint + αLimage + βLclinical 

Baseline models for comparison

Basic Info Only model

The Basic Info Only Model uses a Support Vector Machine (SVM) classifier45 specifically designed to leverage the demographic de

tails of patients for predictive analytics. Given the demographic vector Ebj
= [Ebj age

, Ebj sex
, Ebj smoking

;Ebj family
] of a patient j, the Basic 

Info Only Model operates by determining the optimal hyperplane defined by the relation

w ⋅ Ebj
+ b = 0 
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where w denotes the weight vector and b denotes the bias. The subsequent decision function f(x) = sign(w ⋅Ebj
+ b) ascertains the 

class label, where f(x) = 1 may represent the positive results and f(x) = − 1 the negative results.

Text-only model

The Text Only Model uses a pretrained BERT language model39 to classify the text derived from patients’ chief complaints. Given the 

textual data vector Etj = [Etj1 ;Etj2 ; :::;Etj40
] of a patient j, the Text Only Model applies a multilayer perceptron network36 to obtain 

the classification results of the textual data. This network structure enables the efficient classification of the textual data, allowing 

for the extraction of meaningful insights from the patients’ chief complaints, and thereby assists in the formulation of potential diag

nosis or treatment strategies.

Lab test-only model

The Lab Test Only Model employs a random forest model46 to categorize patients based on their laboratory test result vectors Elj = 

[Elj1 ;Elj2 ; :::;Elj92
], which can efficiently process and interpret the vast array of laboratory test result vectors.

Image-only model

We utilized the ViT model structure identical to that in the Stage-I classification task for the Image Only Model. In this approach, the 

model initially divides the input image I = [i1; i2; :::; in] into fixed-size, nonoverlapping patches. These patches are then linearly 

embedded and subsequently processed through a series of transformer layers.34 This process yields a representation of the image 

suitable for classification.

Text + lab test model

The Text+Lab Test Model combines two different modalities. Specifically, this model first concatenates data from both modalities to 

obtain [Etj : Elj]. The model then processes the concatenated vectors using the multihead attention mechanism37 found in the trans

former model for computation and classification.

QUANTIFICATION AND STATISTICAL ANALYSIS

The LUCID model was implemented using PyTorch, and the training stage was accelerated using NVIDIA Apex with the mixed-pre

cision strategy. In practice, we can run the LUCID model with one NVIDIA Tesla V100 GPU, and the training process of either task can 

be performed within 1 day.

When training the Stage-1 classification model, we used 5-fold cross-validation to ensure the robustness of the reported results. 

The average result over the 5-folds along with the 95% CI will be reported. When training and validating the Stage-2 multimodal inte

gration model, we randomly selected five different random seeds and reported the average result and their 95% CI based on these 5 

random seeds. We chose AdamW62 as our default optimizer after empirical observations indicated superior performance on baseline 

models and LUCID. The initial learning rate was set at 1 × 10− 5, with a weight decay of 1 × 10− 2. Each model underwent training for 

50 epochs, during which we employed the CosineAnnealingLR scheduler.63 For every task in the training phase, we used a batch size 

of 64.

Survival analysis was performed using Kaplan-Meier estimators, with statistical significance of survival curve separation assessed 

via log rank tests. Continuous variables are presented as mean ± standard deviation unless otherwise specified.
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