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ABSTRACT: Primary light chain amyloidosis is a rare hematologic disease with multi-organ involvement. Nearly
one-third of patients with amyloidosis experience five or more consultations before diagnosis, which may lead to a
poor prognosis due to delayed diagnosis. Early risk prediction based on artificial intelligence is valuable for clinical
diagnosis and treatment of amyloidosis. For this disease, we propose an Evolutionary Neural Architecture Searching
(ENAS) based risk prediction model, which achieves high-precision early risk prediction using physical examination
data as a reference factor. To further enhance the value of clinic application, we designed a natural language-based
interpretable system around the NAS-assisted risk prediction model for amyloidosis, which utilizes a large language
model and Retrieval-Augmented Generation (RAG) to achieve further interpretation of the predicted conclusions. We
also propose a document-based global semantic slicing approach in RAG to achieve more accurate slicing and improve
the professionalism of the generated interpretations. Tests and implementation show that the proposed risk prediction
model can be effectively used for early screening of amyloidosis and that the interpretation method based on the large
language model and RAG can effectively provide professional interpretation of predicted results, which provides an
effective method and means for the clinical applications of AI.

KEYWORDS: Medical AI; evolutionary neural architecture searching (ENAS); large language model (LLM); retrieval-
augmented generation (RAG); amyloidosis

1 Introduction
With the rapid development of Artificial Intelligence (AI) technology, its application in healthcare

has become increasingly promising, and various Machine Learning (ML) and Deep Learning (DL) [1–3]
techniques have been widely used in different healthcare fields, especially DL-based methods provide higher
quality performance for various healthcare tasks including medical image reconstruction, electronic health
record management, cancer diagnosis [4,5], disease prediction, medical image analysis [6], image retrieval,
and computational biology [7–10]. DL models have a complex network structure consisting of multiple
layers of neurons connected by nonlinear activation functions. Complex DL models are more accurate
than traditional ML. However, typical DL such as Convolutional Neural Networks (CNN) may suffer from
vanishing gradient and saturation accuracy owing to the increase in depth.

Neural Architecture Search (NAS) attempts to detect effective model architectures without human
intervention. Moreover, Evolutionary Algorithms (EAs) for NAS can find better solutions than human-
designed architectures by exploring a large search space for possible architectures and apply to different
search spaces for NAS [11,12]. NAS has surpassed hand-designed architectures on some difficult tasks,
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particularly in the medical field [13], it can efficiently and automatically complete analytical tasks in
electronic health records (EHRs), including disease prediction and classification, data enhancement, privacy
protection, and clinical event prediction [14]. NAS combined with CNN can help medical practitioners make
more accurate and efficient medical diagnoses while minimizing human intervention [15].

Therefore, the use of evolutionary NAS [16–19] in healthcare applications is necessary. Firstly, healthcare
datasets are often massive and complex, making it challenging to extract relevant information and insights
using traditional ML approaches. Secondly, evolutionary NAS can adapt to meet the multiple requirements
of a given task. By automating the design process, NAS can help reduce the time and cost required to develop
new AI solutions in healthcare, while also improving their performance and reducing the risk of human
error [20–22]. Moreover, NAS can automatically predict and classify diseases, to assist physicians in making
personalized diagnoses and treatment [23–25].

Primary Light Chain Amyloidosis is a rare hematological disease caused by the deposition of amyloid
proteins (proteins abnormally folded to form fibrillar-like structures containing β-folded sheets) in the
extracellular matrix, resulting in damage to the tissues and organs at the site of deposition, which can involve
a variety of organs and tissues, such as the kidneys, the heart, the gastrointestinal tract, the liver, the spleen,
the nervous tissues, the soft tissues, the thyroid, the adrenals, etc. Among them, lymph node involvement
accounts for 20%–33% and heart involvement accounts for 32%–45%. As amyloidosis is a rare disease
associated with high mortality and difficult early diagnosis, nearly one-third of patients with amyloidosis
experience five or more consultations before diagnosis, which may lead to a poor prognosis due to delayed
diagnosis, with up to 30% of patients with AL amyloidosis dying within the first year of diagnosis.

Amyloidosis is a rare hematological disease with no typical case. Its early onset symptoms are very
similar to those of common diseases such as heart disease, kidney disease, and lung disease, and it is often
misdiagnosed as heart failure, diabetes mellitus, over-exercise, respiratory disease, allergies, etc. Therefore, it
is very difficult to make predictions using a variety of routine clinical data and hand-designed deep-learning
networks. Generally, the predicted results of AI models for amyloidosis cannot be effectively differentiated
from various common diseases and are difficult to use in the clinic. As a result, research in this area has
progressed slowly. On the other hand, an AI-based risk prediction model must provide a sufficient diagnostic
basis from a professional perspective to be truly accepted by physicians. Therefore, the interpretability of
the AI model is also a practical requirement that must be considered in the implementation of the risk
prediction system.

Aiming at the problems of risk prediction for amyloidosis and providing explainable assistant diagnosis,
this paper proposes a NAS-assisted risk prediction model for amyloidosis, and around this model, we use
Large Language Model (LLM) and RAG to provide professional interpretations in natural language, which
can in turn realize accurate early warning and assistant diagnosis of amyloidosis.

2 NAS-Assisted Risk Prediction Model for Amyloidosis
The prediction for amyloidosis aims to achieve highly accurate results by exploiting routine screening

indicators. To tackle this issue, we propose a NAS-assisted framework aiming at automatically finding the
optimal model to enhance the accuracy of predictions. The training and validation process of the risk
prediction model for amyloidosis is shown in Fig. 1.

A total of 1355 diagnosed cases were collected from 18 medical institutions participating in this study,
of which 302 cases were removed due to too many missing values. We constructed training and validation
datasets using data from 1052 diagnosed and 1210 non-amyloidosis patients. In addition, in order to test
the generalization ability of the model, we collected 469 amyloidosis cases from 10 hospitals that did not
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participate in the study, which constituted an external dataset for testing. All datasets were de-privatized and
ethically checked.

Figure 1: The training and validation process of the model

As to the NAS-assisted framework, we first sample architectures from the designed search space to
initiate the population (P). Then, we compute the constraint ε for each individual (i.e., architecture) in P. The
largest ε is used as the initial constraint, which quickly measures the trainability of the individual. Next, we
evaluate the parameter sizes and accuracy of the initial population. Subsequently, the algorithm comes into
the evolutionary search process. During evolution, since the cross-mutated offspring of poorer individuals
may affect the later evolution, we sort the mutation order of the parent individuals using a translation-based
density estimation and evaluate the sorting results using a support vector machine. Meanwhile, we update the
constraints ε during the iteration process. Finally, offspring selection is performed through ε and ordering
evaluations. After the terminal condition is satisfied, we select the best individual from the final population
as the risk prediction model through the distance-based method.

2.1 Problem Formulation of a Risk Prediction Model for Amyloidosis
We consider the design of a risk prediction model for amyloidosis as an optimization problem, aiming

to improve the accuracy of prediction with smaller parameter sizes. It can be expressed as Eq. (1).

min f (p, wp) = (F1 (p), F2 (p, w∗p , DDev)), s.t. w∗p ∈ argmin Loss (p, wp , DTrain)

FN TK (x) ≤ εt t ∈ (1, T) (1)

where p ∈P denotes an architecture. F1 (p) indicates the parameter size of the architecture p, F2 (p, w∗p , DDev)
represents the accuracy of a medical model (i.e., the architecture p). DDev and Dtrain represent the
development and training datasets for the amyloidosis prediction task. w∗p denotes the weights. FN TK (x)
means judging the architectural trainability by exploiting the condition number of the neural tangent kernel
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(NTK) [26–28], x is the input of the architecture. Moreover, the smaller εt indicates higher trainability, the
εt is calculated based on Eq. (2).

εt = (ε0 + a)∗e
−t/( T

cd√ln(ε0+a/a)
)

cd

− a (2)

where a denotes a lower bound about the constraint value ε and cd serves to control the tendency of ε
to decrease.

2.2 Search Space
We adopt a macro-level and micro-level search space devoted to the risk prediction of amyloidosis

as shown in Fig. 2 (left). At the macro-level, we built the backbone architecture of the medical model via
Convolutional Module (CM), Pooling Module (PM), and Fully Connected Module (FCM), where multiple
CM, PM, and FCM modules are stacked to form a deep-level feature extraction network. The combination of
these modules not only captures local features but also effectively extracts high-level semantic information
that is closely related to amyloidosis risk. In this way, we ensure the medical model can extract multi-scale
features at different layers, thus enhancing the accuracy of risk prediction.

Figure 2: Search space of AI model for amyloidosis

At the micro-level, we pay attention to the effects of convolution kernel size and pooling operation
on feature extraction. Through systematic tuning and optimization of the parameters in the micro-level
search space, the medical model can enhance the model’s sensitivity to the risk of amyloidosis while
maintaining computational efficiency. In Fig. 2 (right), we display the network architecture consisting
of macro- and micro-level search space sampling components through two examples. The macro-level
backbone of Architecture 1 consists of CM, PM, and FCM stacked in sequence, with the structure CM-CM-
CM-PM-FCM; the micro-level parameters are configured as (7, 2) for a convolutional kernel size of 7 × 7
with a step size of 2; (3, 1) for a convolutional kernel size of 3 × 3 with a step size of 1; (3, 2) for a convolutional
kernel size of 3 × 3 with a step size of 2; (Average) for the pooling layer to use the average pooling operation;
and (128) for the number of neurons of the fully connected layer to be 128; i.e., the micro-level parameters
are configured as (7, 2)-(3, 1)-(3, 2)-(Average,2)-(128).

For the Architecture 2, the macro-level backbone is CM-CM-PM-FCM-FCM, the micro-level parame-
ters are configured as (3, 2)-(3, 1)-(Max,2)-(128)-(256).
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2.3 Initializing Populations
For initializing the population, we first randomly chose three positive integers to represent the number

of CMs, PMs, and FCMs in the backbone network (i.e., population individuals). For example, suppose the
randomly generated values are CM = 3, PM = 1, and FCM = 1, then the macro-level structure of this backbone
network is CM-CM-CM-PM-FCM. Next, we sampled the corresponding parameter εt configurations for
each module from the micro search space sequentially. These micro-level parameters include the size of
the convolutional kernel, the step size, the pooling type, and the number of neurons in the fully connected
layer. The process will continue until the desired number of individuals, i.e., P individuals, is generated.
Each individual represents a potential backbone network structure whose macro-level consists of a varying
number of CM, PM, and FCM modules, while the micro-level is determined by different parameter
configurations. The diversity of the initialized population ensures the breadth of the search space, thus
providing an adequately explored basis for the subsequent evolutionary process.

2.4 Quality Evaluation of Evolutionary Populations
In ENAS, the better-performance architectures may be impacted by the poorer ones during the evolu-

tionary process, leading to a gradual decrease in the probability that the better-performance architectures
will generate offspring. To address this problem, we train a classifier to discriminate between good and bad
architectures in the population to boost the probability that a high-performing architecture performs cross-
mutations, thus enhancing the chances of generating high-quality offspring. Specifically, we first sort the
individuals in the population in descending order based on the shift-based density estimation [29,30]; then,
the top K architectures of the sort are selected to represent the positive samples with potential architectures,
while the remaining architectures are considered as the negative samples with poor performance. Next, we
train a support vector machine classifier by exploiting these positive and negative samples for efficiently dis-
tinguishing potential architectures and non-potential architectures. Subsequently, we evaluate the probability
that the support vector machine correctly classifies the architectures through the AUC to provide auxiliary
support for environment selection.

2.5 Offspring Generation
Before using support vector machine classifiers to assist environment selection, we generate offspring

through crossover and mutation operators. For the crossover operator, we randomly select two parent
individuals in the population and exchange some of the components of their macro-level modules, as
well as exchange the corresponding macro-level parameter configurations. For the mutation operators, we
divide into two types: macro-level mutation and micro-level mutation. In macro-level mutation, we perform
mutation by replacing one module with another, e.g., replacing a pooling module (PM) with a convolutional
module (CM). In micro-level mutation, we change the parameter settings within a module for mutation, e.g.,
replacing a 3 × 3 convolution kernel in a CM with a 7 × 7 convolution kernel.

2.6 Environmental Selection
As shown in Fig. 3, when performing environmental selection with the assistance of the support vector

machine classifier, we design a strategy to ensure the quality of the offspring population. Specifically, we
first generate offspring individuals through crossover and mutation operators; then, the current offspring are
evaluated using the support vector machine classifier and the AUC score is used to determine the classifier’s
reliability for the current classification (when AUC < θ, it indicates that the classifier is unreliable). If the
classifier is unreliable and the trainability score ≤ εt , the current offspring can enter the archive; when
the number of offspring populations is less than N, the offspring serves as an individual in the offspring
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population. When the support vector machine classifier is reliable, the trainability score ≤ εt , and the support
vector machine classifier predicted probability is greater than or equal to 0.5, the individual can enter the
archive. Repeat the process until the archive value is equal to N.

Figure 3: Environmental selection

3 Risk Prediction System with Interpretability
The use of the NAS-assisted risk prediction model for amyloidosis yields accurate predictions. However,

the high accuracy of the AI model does not mean the model is acceptable and usable by clinicians. For this
reason, we constructed a risk prediction system with interpretability, as shown in Fig. 4.

Figure 4: Risk prediction system for amyloidosis

The basic objective of the system is to provide professional interpretations of small model using LLM and
knowledge engineering. This professional interpretation is centered around the NAS-assisted risk prediction
model’s result to find the clinical diagnostic basis related to the patient’s symptoms in clinical guidelines,
electronic cases, literature data, etc. and then the RAG method and prompt engineering is used to generate
an interpretation of the results in natural language to be output to the clinician through the LLM.

The system consists of the following components: NAS-assisted risk prediction model, large language
model, clinical disease knowledge base, and interpretation generation module. The NAS-assisted risk
prediction model (small model) generates the predicted probability of a case’s risk of developing amyloidosis
based on the input of complex clinical indicators. The large language model uses RAG to retrieve the clinical
diagnostic basis and knowledge for each clinical indicator, especially for those abnormal clinical indicators,



Comput Mater Contin. 2025;83(3) 5567

which indicate possible disease factors in the patient and are important references for clinical diagnosis.
These abnormalities have been clinically validated before use. The clinical knowledge base supports RAG
implementation by slicing various documents and knowledge sources and providing a retrieval interface. The
interpretation generation module summarizes the retrieved case-related knowledge and clinical guidelines,
inputs them into the LLM using prompt engineering, and ultimately generates professional interpretations
of the risk prediction result.

In this system, RAG is the key to enabling the generation of professional interpretations for prediction
results. RAG is a unified solution paradigm currently being used to assist in solving knowledge problems
of LLM such as illusions, factual errors in knowledge, outdated knowledge, etc., and is currently able to be
modularly decomposed into multiple steps such as retrieval, reordering, reasoning, etc. The knowledge used
throughout its lifecycle comes from external resources in multiple formats such as databases, documents,
etc., which are organized in the form of text blocks. Therefore, this process requires extracting documents
into strings and slicing them into text blocks as the first processing step. However, existing RAG optimization
frameworks usually ignore the importance of this phase and directly use rule-based or semantic similarity-
based slicing, which limits the accuracy of slicing and further affects the overall performance of RAG. For this
reason, around the realization of the risk prediction system for amyloidosis, we propose a document-based
global semantic slicing approach to achieve a more accurate slicing of the document, to ensure the semantic
integrity of the sliced text block, and to avoid the impact of missing important information or incomplete
reasoning logic on the professional interpretation.

3.1 Knowledge Slicing and Retrieval for Amyloidosis Based on Document Global Semantics
In slicing, our approach aims to achieve lossless slicing of amyloidosis-related knowledge documents

without losing the semantic integrity of the original document and without introducing additional error
messages. In this regard, we expect to utilize the association relations at the document token level to mine
the link weaknesses within the document sentences, and these weak association relations can be considered
as a natural manifestation of phenomena such as semantic transitions and semantic breaks. The pre-trained
language model learns the global semantic information of the text through a large amount of pre-training
data in the training stages, and has a strong natural language understanding capability. Therefore, the
document representation and attention weights generated by the model in document encoding can be
considered as a reflection of the global semantics of the document. To make full use of this global semantic
information, we propose a method to construct a slice evaluator based on the text encoding model, which is
capable of accurately identifying the correct slice position in a document by exploiting the potential semantic
relevance of chunking in the document’s attentional representation.

By visualizing the QKV matrices of the language model, we can observe significant correlation differ-
ences between the tokens of relevant and irrelevant sentences in these matrices, which indicates the potential
cut-off position of the document. To do this, we try to treat the attention matrix as image information
and extract the global semantic information of a document through feature extraction methods in image
processing. Specifically, for a document, to ensure the completeness of sentences, we use sentences rather
than tokens as the minimum granularity for cuts. We first slice the document into independent sentences
using the clause model and construct the mapping relationship between tokens and sentences using the
tokenizer of BGE-M3. Subsequently, we feed the documents into BGE-M3 to obtain the Q, and K matrices
generated by multiple attention heads at different layers within its network. These matrices are pooled evenly
according to the mapping relationships to construct a global association graph of the document at the
sentence level as shown in Fig. 5. The two axes of the graph represent the sentences in the document, and
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each node in the graph represents the closeness of the association between two sentences, with a brighter
color indicating a higher degree of association.

Figure 5: Attention correlation diagram

To capture the semantic information of the document at the global level, we take the local part of
the global association relation graph as the image input each time, each pixel value in the graph as an
element value, and the outputs of the different layers of the encoding model and the attention header as
multiple channels of the image. The model uses a convolutional neural network architecture that performs
a convolutional operation on each input association graph to extract a feature representation of the image,
and the feature representation is passed through a fully connected layer to output the probability that the
current document part belongs to the same text block in a regression manner.

In the training phase, we take the existing amyloidosis knowledge text dataset as the basis and consider
each chunk in the original dataset as a correct text chunk that does not need to be sliced again, and the
splicing of multiple chunks as a complete document sample. Each full document sample is fed into BGE-
M3 to construct an association relation graph, and we construct the training dataset using the part of the
images in the association relation graph belonging to the sentences in the same chunk as positive samples,
and the part of the images randomly selected and containing sentences across chunks as negative samples. We
constructed a model containing four CNN layers and two fully connected layers and completed the training
of the model using binary cross entropy as the loss function.

3.2 Quality Control of Interpretation
The problem of hallucinations in large language models is a great challenge for medical AI applications.

RAG can improve the professionalism of LLM and thus reduce the probability of hallucinations to some
extent. Therefore, we designed a quality control scheme with the main purpose of reducing hallucinations and
improving professionalism. We achieved supplementation of amyloidosis specialized knowledge through
the RAG and wanted the output of the LLM to cover all the specialized knowledge provided by the RAG.
For this purpose, we used a methodology based on fact-checking. We use the same slicing model described
above to segment the output text and calculate the similarity between it and the retrieved knowledge to
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discriminate whether the output matches the specialized knowledge. Each interpretation is generated several
times, each time using a different prompt. The output with the highest similarity is ultimately selected as the
final interpretation.

4 Validation and Discussion
To validate the NAS-assisted risk prediction for amyloidosis and the interpretable system proposed in

this paper, we established a validation environment, including a server configured with an Intel(R) Xeon(R)
Platinum 8260 CPU and 1 TB of RAM, with an operating system of Ubuntu 20.04 LTS. The system was
developed in Python, using a MySQL relational database, a Milvus vector database, and a Neo4j graph
database for storing and managing multiple data types. For the large language model, the Qwen2-72B model
was selected for local deployment on 2 × 32 GB A V100 Tensor Core GPUs.

4.1 Risk Prediction for Amyloidosis
NAS-assisted risk prediction model for amyloidosis was trained on a real internal dataset. This internal

dataset includes data from 1052 amyloidosis patients after de-privatization. All these samples have been
diagnosed with amyloidosis based on tissue biopsy of amyloid deposits formed by immunoglobulin light
chains. At the same time, another 1210 samples were randomly selected from nephrology, cardiology,
gastroenterology, respiratory, rheumatology, and immunology, as well as healthy individuals respectively.
We divided the internal dataset into two parts, one for model training and one for model validation. The
training dataset includes sample data from 732 amyloidosis patients and 810 non-AL amyloidosis patients; the
validation dataset includes sample data from 320 amyloidosis patients and 400 non-AL amyloidosis patients.
The accuracy of the model on the training dataset is shown in Fig. 6. The accuracy of the base model without
NAS-assisted and with NAS-assisted on the training dataset is 90.26% and 95.91%, respectively.

Figure 6: The performance of the model on the training dataset. (a) without NAS-assisted (Accuracy = 90.26%); (b)
NAS-assisted (Accuracy = 95.91%)

The comparison of the NAS-assisted risk prediction model on training dataset and validation dataset is
shown in Fig. 7.

Meanwhile, to evaluate the performance of the NAS-assisted risk prediction model for amyloidosis
involved in this paper, we introduced physicians as a control group and also constructed an LR model as a
reference. One hundred physicians from 10 hospitals were invited to give diagnostic judgments, including 40
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hematologists, 40 non-hematologists and 20 general practitioners. We evaluate the performance of the model
on the external dataset, which is provided by the external hospital and includes 469 amyloidosis patients
and 403 non-amyloidosis patients from 10 hospitals that did not participate in the study. The test results are
shown in Table 1.

Figure 7: Performance evaluation of NAS-assisted risk prediction model. (a) Training dataset (Accuracy = 95.91%); (b)
Validation dataset (Accuracy = 94.86%)

Table 1: Comparison of external dataset

Predictor The accuracy of
positive samples

(%)

The accuracy of
negative samples

(%)

The accuracy of
total samples (%)

NAS-assisted risk prediction model 95.6 90.3 93.2
LR model 88.9 81.9 85.7

Hematology 82.5 60.7 72.0
Non-Hematology 79.7 48.6 64.1

General practitioners 70.5 53.8 64.3

4.2 Professionalism Assessment of Interpretation
To enhance the accuracy of document slicing and knowledge extraction in RAG, we adopted a

document-based global semantic slicing approach to achieve a more accurate slicing of the document during
system implementation to ensure the semantic integrity of the sliced text block, and to avoid the impact of
missing important information or incomplete reasoning logic. By doing this, we want the output of LLM to
cover all the specialized knowledge, so we record the similarity of the output to the knowledge retrieved and
evaluate the knowledge usage, as well as the acceptance rate of physicians.

We tested the prediction results on 100 sets of samples. For the predicted result of each set of samples,
five interpretations of the result were generated. By comparing the knowledge similarity of the content of
each interpretation, the best one was selected and provided to physicians for quality assessment, and then
the acceptance rate of physicians was counted.
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Knowledge similarity is calculated as follows. First, we slice the interpretation into independent sets of
slices a ∈ A using the same trained slicing model and perform a vectorization operation. Then calculate the
similarity between a ∈ A and the vectorized knowledge set b ∈ B retrieved by RAG to discriminate whether
the output content fits into the specialized knowledge or not. Cosine similarity was used in Eq. (3):

Simil arity (A, B) = A ⋅ B
∥A∥ × ∥B∥

(3)

In the test of acceptance rate, we set the knowledge similarity threshold to 90%, and the results are
shown in Fig. 8.

Figure 8: Acceptance rate of interpretations by physicians. (a) Without document-based global semantic slicing; (b)
With document-based global semantic slicing

This suggests that physicians’ acknowledgment of the interpretation significantly improved by intro-
ducing of document-based global semantic slicing method, which is attributed to the fact that by improving
the quality of semantic slicing, it can provide the LLM with more accurate knowledge complement related
to amyloidosis, which, in turn, significantly improves the physician’s acceptance rate.

4.3 System Implementation
The implementation of the system contains three parts of work: a NAS-assisted risk prediction model,

an RAG framework, and an interpretable assistant diagnosis system, and the specific implementation of the
system is shown in Fig. 9.

The system first performs knowledge extraction and forms a knowledge base for amyloidosis-specific
diseases through document slicing. Then the probability of developing amyloidosis is assessed using risk
prediction models according to the clinical indicators for a specific clinical case, while relevant diagnostic
and treatment knowledge is retrieved using RAG. Finally, the prompt template is used to generate prompts
and the LLM is used to generate a professional interpretation of the predicted result for the case, providing
clinical assistance to hematologists.
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Figure 9: System implementation. (a) Risk prediction; (b) Interpretation

5 Conclusion
In this paper, we propose a risk prediction model for amyloidosis by using evolutionary neural architec-

ture searching, defining the search space, and designing an assessment method of evolutionary population
quality. To further enhance the clinical application value of the model, we designed a natural language-
based interpretable system around the NAS-assisted risk prediction model for amyloidosis, utilizing a large
language model and RAG to achieve further interpretation and explanation of the prediction. Tests and
application showed that the proposed risk prediction model can be effectively used for early screening of
amyloidosis, and the proposed document-based global semantic slicing method in RAG can effectively
provide professional interpretation of AI conclusions, which provides an effective method and means for the
clinical applications of AI.

Although this paper adopts the evolutionary NAS to optimize the structure of the risk prediction model,
and uses a large language model and an RAG to provide an interpretation of the predicted results, the work
still needs to be further deepened, in particular, a more systematic framework needs to be considered to
improve the accuracy and the professionalism of the interpretation.
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