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Abstract 
Predicting disease intensity levels and identifying relationships between the International 
Classification of Disease codes utilizing Large Language Models (LLMs) and Transformer 
Learning investigate and classify immense amounts of clinical data to acquire awareness into 
disease advancement and possible associations between conditions. Precisely, LLMs explore 
route of care for a specific patient population on a specific condition represented as series of 
medical codes paving the way for diagnosis, predict intensity and ascertain possible 
associations between diseases. Early identification as well as deterrence is pivotal for 
minimizing hazard of disease evolution. This study intended to introduce a novel method 
depend on LLM and transformer to predict disease intensity and explore the relationship 
between ICD codes for predicting disease progression. In this work a method called, Synonym-
based Large Language Attention and Hierarchical Probability Transformer (SLLA-HPT) for 
predicting disease intensity and identifying relationships between ICD codes is proposed. The 
SLLA-HPT method is split into four sections. First, data collection and pre-processing is 
performed with the raw MIMIC-III dataset. Next, for predicting disease intensity levels from 
ICD codes Synonym-based ICD Code Attention Pre-training model is applied. Following which 
fine-tuning is performed using the Integrated Gradients (IG) function. Next, Hierarchical 
Conditional Probability and Corrective Attention Transformer are applied to the fine-tuned 
results for obtaining prediction results. Finally, Correlation-based Relationship Identification 
is applied to create ranked record of diseases through their provisional probability as well as 
correlative risk grade. Proposed method is estimated on MIMIC-III database as well as 
experimental outcomes show effectiveness of our method upon comparison to conventional 
techniques. 
 
Keywords: Large Language Models, International Classification of Diseases, Synonym-based 
ICD Code Attention, Integrated Gradients, Hierarchical Conditional Probability, Corrective 
Attention Transformer. 
 

1. Introduction 
Predicting disease intensity levels from ICD codes encompasses of using NLP methods as well 
as transformer learning algorithms to ascertain textual information. Hence, ML, DL and 
transformer learning (TL) methods have employed in conventional literature for disease 
intensity level prediction from ICD codes. Nevertheless, prevailing systems reveal suboptimal 
result mainly because of their dependence on conventional embedding mechanisms as well 
as comprehensive language methods to bring about text embeddings. To mention this 
drawback, there necessitate domain-specific pre-trained language models that systematically 
recognize the context from ICD codes for disease intensity level prediction and identifying 
relationship between specific ICD codes.  

A hybrid transformer architecture, combining a type of LLM called, MentalBERT and 
MelBERT pre-trained language models, integrated with CNN was proposed in [1] with the 
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intent of generating and concatenating deep features. On one hand, MentalBERT was pre-
trained on widespread corpus of text information associated to mental wellbeing domain and 
on the other hand, MelBERT was trained on huge corpus of metaphorical information for 
comprehending of metaphorical appearances. Outcomes expose outstanding result in terms 
of both accuracy and F1-score. 

In [2] a method called, eXtreme Resolution-Long Attention Transformer (XR-LATP) 
was proposed employing three distinct Transformer-based method for automated ICD 
coding. Initially, XR-LAT was used that fine-tuned pre-trained transformer model in a 
recursive manner. This was performed hierarchically through label-wise attention layer as 
well as label-wise FFNN layer employing bootstrapping and dynamic negative label sampling 
methods with improved true positive and minimal training time.  

LD-PLAM was proposed [3] for automatic ICD coding. Here, pseudo label-wise 
concentration model was utilized for multi-label categorization and also one concentration 
mode for similar ICD codes was computed. This in turn minimized number of metrics, 
therefore achieving improved result of method. With this type of design resulted in 
improvement of memory consumption. 
 

Leveraging EHR longitudinal information to generate actionable medical insights has 
dangerous demand as far as recent studies in the area of disease diagnosis is concerned. The 
biggest issue is that only ample data are available and hence prediction has to bring in free 
text diagnosis recorded immediately on admission.  

Transformer based deep learning method was proposed in [4] to obtain temporal 
sequencing between cancer and non-cancer cells with the purpose of diagnosing therefore 
resulting in much more accurate results. ICD 9 diagnosis codes were used in [5] for improved 
prediction. Here, attention mechanism was also used to concentrate on the most influential 
feature towards precise predictive tasks. According to ICD, multi-label categorization aim to 
classify health documentation based on the set of pertinent ICD codes. Multi-label text 
categorization head through per-label concentration, on apex of BERT method was proposed 
in [6] with improved precision in English, Spanish and Swedish. 

DL has considerably improved NLP as far as healthcare investigate is concerned. 
Nevertheless, enhancing complication of DL-basis of NLP requires transparent method for 
consistent decision-making. Detailed investigation of explicable as well as interpretable DL 
at healthcare NLP was investigated in [7]. Allocating medicinal codes for patients is 
mandatory for healthcare associations for billing however for precise record maintenance. 
However, because of affluence of disease codes, it is found to both time utilizing process and 
also found to be laborious for medicinal experts to allocate these codes manually. To mention 
this issue, a method for automatic forecast of ICD-9 codes employing two-stream DL 
technique was analyzed [8], therefore improving improved ICD-9 code prediction. A scoping 
review of LLMs in medicine was investigated in [9].  

Researchers investigated utilization of NN, specifically language methods for 
assigning ICD-9 code in an automatic fashion. Nevertheless, imbalanced allocation of ICD-9 
codes resulted in deprived result. To address on this issue a useful prior according to domain 
knowledge was applied in [10]. Also the usefulness of correlation was analyzed based on the 
correlations among ICD-9 codes as well as other medicinal codes. This in turn resulted in 
large performance gains. An LLM-fine tuned model based on diagnosis related group was 
presented in [11] with improved prediction accuracy.  
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According to the ICD-10, according to German outpatient claims data with diagnosis 
codes, an optimal vectorization embedding model was proposed in [12] for patient diagnosis. 
A comprehensive survey of materials and methods employing fine tuned LLMs were 
investigated in [13]. Existing methods utilize the current ICD codes as input aspects however 
not entirely explain patient progression. Additional researches applied attention mechanism 
with no assistance of domain information, generating distorted predictions. In [14], a hybrid 
LSTM-CNNself-guided attention method was proposed with the intent of predicting ICD 
diagnosis accurately. Yet another diagnosis code method employing supervised multi layer 
perceptron as a classifier was presented [15] in prediction of disease of interest.  

Predicting disease intensity levels along with exploring relationship between specific 
ICD codes is a complicated procedure necessitating scientific research and meticulous 
analysis, with certain research putting forward prospective for increased accuracy, whereas 
others focus uncertainties and drawbacks. In earlier researchers have attempted to signify 
associates between statistical analysis and exploring relationship, nevertheless, for the most 
part by applying statistical methods. Apart from above stated issues, in our study explores 
the association between Large Language Model and Transformer Learning on ICD coding. The 
major aim is to introduce Synonym-based Large Language Attention and Hierarchical 
Probability Transformer (SLLA-HPT) for predicting disease intensity and hence 
understanding how different ICD codes relate to each other in a precise and accurate fashion.  

 
1.1 Contributions of the work 

• SLLA-HPT method for predicting disease intensity and exploring relationships 
between ICD codes is designed. The hybrid method of employing a LLM and 
Transformer learning for predicting disease intensity and exploring relationships 
between ICD effectiveness adopts four different processes, data collection, training 
model (i.e. pre-training and fine-tuning), prediction and relationship identification. 
The Synonym-based ICD Code Attention Pre-training model guided by the Integrated 
Gradients (IG) function based fine-tuning contributes to improving the prediction 
accuracy, sensitivity, specificity. Next, with the obtained fine-tuned results, prediction 
is made employing Hierarchical Conditional Probability and Corrective Attention 
Transformer therefore is applied to the fine-tuned results for obtaining prediction 
results with minimum error rate for model construction. Finally, Correlation-based 
Relationship Identification is applied to the predicted results that in turn based on 
correlation models that with a specific type of heart disease are more likely to also 
have other related disease that in turn aids in treatment decisions precisely.  

• The MIMIC-III dataset is utilized to conduct the experimental analysis for the 
proposed evaluation of predicting disease intensity based on relationship between 
ICD codes. The best prospective combination of features that aid enhancing the 
prediction accuracy and precision performance has been identified. The comparative 
analysis of the proposed hybrid method SLLA-HPT has been evaluated based on pre-
training and fine-tuning processes separately. 
 

1.2 Structure of the work 
Rest of this manuscript is organized as: Section 2 explains the recent related works related to 
disease intensity prediction using ICD codes, analyzing their relationship for prompt decision 
making using LLM, transformer learning and DL. Section 3 gives complete explanation of 
Synonym-based Large Language Attention and Hierarchical Probability Transformer (SLLA-
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HPT). Section 4 presents the experimental setup following the presents the simulation results 
of the proposed to disease intensity prediction based on relationship between ICD codes 
along with the comparison of the traditional methods in Section 5. Lastly, Section 6 
summarizes the manuscript. 
 

2. Literature review 
State of the art methods in electronic health records based predictive model achieved 
accurate results by means of pre-training cum fine-tuning model. Two step procedure where 
method was initially pre-trained on huge scale longitudinal data and then further fine-tuning 
the outcome prediction was proposed. Nevertheless, the pre-training objectives were found 
to be constrained at forecasting portion of ICD codes in every visit.  

Transformer based encoder decoder method was designed [16] with limited data. 
Over the recent few years, prompt learning with LLMs has shown to lead generalizable results 
however none have investigated for rare diseases. Prompt learning for both identification 
and extraction of rare disease was presented in [17] to make certain phenotyping accuracy 
was being achieved. However in the presence of complex interactions resulted in the 
compromising of training time. To address on this aspect, dropout and batch normalization 
was applied in [18] to ensured accountable execution in clinical practice.  

LLMs have manifested splendid potentialities however the constraint for clinical 
applications is high. Endeavors to evaluate the clinical knowledge heavily depend on 
evaluations automatically on the basis of constrained yardsticks. A human evaluation 
architecture for model answers to evaluate Pathways Language Model1 was proposed in [19] 
for clinical applications. Yet another multi-modal transformer was presented in [20] for 
molecular sub-type prediction by means of attention maps for imaging and clinical data.  

ICD diagnoses information, gathered for billing as well as epidemiological uses 
globally designates expensive source of structured data. Nevertheless, ICD coding is 
demanding task. As several preceding works reported promising outcomes they frequently 
narrate input data specific model architectures.   

In [21], a detailed study on investigating assessment and design of efficient CAC 
scheme by generic methods concentrating on utilization of ICD employing feed forward 
neural network architecture was designed. However, early diagnosis was not ensured. Self-
attention based transformer network model was designed in [22] with the intent of ensuring 
early diagnosis along with accurate heart disease prediction.  

A detailed comparative evaluation of target attention and text coder encoder was 
made in [23] for detailed clinical text classification. Yet another ICD code model for analyzing 
vital organ failure employing graph attention was presented in [24]. A review of LLM and 
transformer learning was investigated in [25] for medical domain.  

Ten most prevalent ICD codes were first identified to ensure accurate and precise 
documentation in [26]. Also fine-tuning was performed using GPT model therefore ensuring 
maximum utility and reliability. Deep learning (DL) techniques along with ICD was modeled 
in [27] for healthcare and insurance domain. Also DL based CNN was applied to process the 
data that in turn resulted in both precision and accuracy. In [28], BERT method to allocate 
ICD-10 codes for reasons of bereavement, through free-text explanations at death certificates 
with connected autopsy information as well as medical bulletins obtained as of Portuguese 
Ministry of physical condition was presented. Pilot study was conducted in [29] with the 
intent of augmenting human coding by initially initializing lead terms following which 
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generation methods based on retrieval augmentation was employed for coding enhancement 
with improved F1-score.  

From the scrutiny of related works, restricted LLM integrated with transformer 
learning solution have been designed to measure the intensity of disease and its relationship 
between ICD codes. Rather than focusing entire feature subset, applying pre-training and 
fine-tuning from the original features results in minimizing the error rate along with the 
improvement of sensitivity and specificity. Due to the reason that application of machine 
learning and deep learning workflow has been treated as time-consuming process, LLM 
integrated with transformer learning solutions are well perceived over in last few years 
owing to their advantages like improved prediction accuracy, minimizing training time for 
predicting higher-level feature representation. This in turn would ensure accurate and 
precise generation of predictability results. Finally, the relationship identification 
contributed in F1-score improvement. With this objective a method called, Synonym-based 
Large Language Attention and Hierarchical Probability Transformer (SLLA-HPT) is proposed.  

 
3. Materials and Methods 

LLMs and transformer-based learning are effective instruments that can be exploited for 
ascertaining relationships between medical conditions and predicting disease intensity by 
analyzing ICD codes. These LLMs and transformer-based learning models can aid healthcare 
professionals in making more well-considered decisions and boosting patient care. The 
objective of predicting disease intensity and exploring relationships between ICD codes is to 
extract a specific set of ICD codes ‘C = {c1, c2, … , cU}’ from the given clinical note samples ‘S =
{S1, S2, … , SN}’. Here, ‘U’ and ‘N’ denotes number of ICD codes as well as word count of the 
clinical notes samples, respectively. The proposed Synonym-based Large Language Attention 
and Hierarchical Probability Transformer (SLLA-HPT) method for predicting disease 
intensity and identifying relationships between ICD codes model, as depicted in below Figure 
.  

 
Figure 1 Structure of SLLA-HPT method 

As shown in the above figure the SLLA-HPT method comprises four  major steps, 
namely, data collection and pre-processing, contextualized ICD code embedding using 
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synonym-based ICD code attention model, prediction using Hierarchical Conditional 
Probability and Corrective Attention Transformer and Correlation-based Relationship 
Identification.  

 
3.1 Data Collection and Pre-processing 
The first step involved in the design of the proposed method is to gather ICD codes from 
MIMIC-III Clinical dataset attained as input as of https://physionet.org/content/mimiciii-
demo/1.4/ (i.e. ‘DS’). Electronic Health Records (EHRs) carrying ICD codes, patient history 
and other appropriate data are put together and organized for predicting disease intensity 
levels and identifying relationships between ICD Codes. In general, five tables are utilized in 
defining and tracking patient stays, namely, ICU-stays, and so on. Residual tables include 
information involved through patient care, to name a few being, physiological measurements, 
and so on. So, on an overall, it’s relational dataset containing 26 tables. Also numerous 
features ‘F’ are present in the dataset from different classes of data is listed in table 1. 
 

Table 1 Classes of information available in MIMIC-III Clinical dataset 

S. No Class of data Description  

1 Billing Coded data recorded for billing  

2 Descriptive Details of demographic, admission, discharge time 

3 Dictionary Look-up tables for cross referencing with associated labels 
4 Interventions Procedures such as dialysis, imaging studies 

5 Laboratory Blood chemistry, hematology, urine analysis, microbiology test 
results 

6 Medications Administration records of intravenous medications, medication 
orders 

7 Notes Free text notes – provider progress notes, discharge summaries 

8 Physiologic Nurse-verified vital signs, (e.g., heart/respiratory rate, blood 
pressure) 

9 Reports Free text reports of electrocardiogram and imaging studies. 

 
With above different classes of information obtainable in MIMIC-III Clinical dataset, proposed 
method, SLLA-HPT is modeled for predicting disease intensity and identifying relationships 
between ICD codes in the following sub-sections.  
 
3.2 Synonym-based ICD Code Attention Pre-training model  
The second step involved in the design of the proposed method is to model training or pre-
training and then fine-tune LLM built upon on the Transformer architecture on the pre-
processed data and their corresponding ICD codes. The model learns to ascertain patterns 
and relationship between specific ICD codes. BERT  type of LLM is used in our work to infer 
ICD-10 codes in an automatic fashion from clinical sample notes. Fine-tuning BERT and 
LLMs involves first obtaining a pre-trained model and further training it to boost its 
performance for predicting disease intensity levels from ICD codes. 

In this work, a Synonym-based ICD Code Attention Pre-training model is designed 
with the intent of extracting contextualized ICD code features for predicting disease intensity 
levels from ICD codes. This process of model training or pre-training influences the 
knowledge gained during initial pre-training phase and reshapes the model to the variances 
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of the new task (i.e. exploring relationship between ICD codes). Contextualized code features 
in ICD denotes to the potentiality of learning models to ascertain the meaning and 
relationships between ICD codes within the context of a specific clinical note samples. This 
model intends to boost the accuracy of ICD code allocation by taking into consideration the 
adjoining text along with its semantic interpretation instead of depending on individual ICD 
code descriptions.  In this work a synonym-based ICD code attention model is presented to 
extract contextualized ICD code features from clinical note samples by pointing out the ICD 
code synonym description at the outset. Figure 2 shows the architecture of Synonym-based 
ICD Code Attention Pre-training model to extract contextualized ICD code features. 

 
 

Figure 2 Architecture of Synonym-based ICD Code Attention Pre-training model to 
extract contextualized ICD code features 

 
As shown in the above figure, the same text encoder is employed in encoding both the raw 
clinical note samples and ICD code descriptions. Hence, the clinical note sample embedding 
is formulated as given below.  
 {𝑆1, 𝑆2, … , 𝑆𝑁} = 𝑇𝑒𝑥𝑡𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝑆)      
 (1) 

From the above equation (1), ‘𝑆𝑘’ denotes the ‘𝑘 − 𝑡ℎ’ word in clinical note sample 

‘𝑆’. Each ICD code ‘𝑐𝑖 ∈ 𝐶’ carries ‘𝑋’ synonyms descriptions, ‘𝑆𝐷𝑖 = {𝑆𝐷𝑖,1, 𝑆𝐷𝑖,2, … , 𝑆𝐷𝑖,𝑋}’ 

and each ‘𝑆𝐷𝑖,𝑗’ comprises of ‘𝑊’ words. In a similar manner, for each ICD code synonym the 

overall clinical note sample embedding is mathematically represented as given below.  

 {𝑆𝑆𝐷1
𝑖,𝑗

, 𝑆𝑆𝐷2
𝑖,𝑗

, … . , 𝑆𝑆𝐷𝑋
𝑖,𝑗

} = 𝑇𝑒𝑥𝑡𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝑆𝐷𝑖𝑗)    

 (2) 
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Then, from the above overall clinical note sample embedding to generate overall 
synonym clinical note sample embedding average pooling function is utilized as given below.  

 𝑆𝐷𝑖𝑗 = 𝑃𝑜𝑜𝑙([𝑆𝑆𝐷1
𝑖,𝑗

, 𝑆𝑆𝐷2
𝑖,𝑗

, … . , 𝑆𝑆𝐷𝑋
𝑖,𝑗

])     

 (3) 
Following which a standard key-query attention layer is employed in extracting 

contextualized ICD code embeddings (CCE) from text embedding sequence as given below.  
 𝐶𝐶𝐸𝑖𝑗 = 𝐾𝑒𝑦𝑄𝑢𝑒𝑟𝑦𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑆𝐷𝑖𝑗[𝑆1, 𝑆2, … , 𝑆𝑁])    

 (4) 
From the above equation (4), ‘𝐶𝐶𝐸𝑖𝑗’ denotes the contextualized ICD code embedding 

results. For each ICD code, maximum pooling is utilized in obtaining overall representation 
across all the obtained synonym clinical note sample embedding. This is mathematically 
formulated as given below.  

𝐶𝐶𝐸𝑖 = 𝑃𝑜𝑜𝑙([𝐶𝐶𝐸𝑖,1, 𝐶𝐶𝐸𝑖,2, … . , 𝐶𝐶𝐸𝑖,𝑋])     

 (5) 
Following which a pre-trained Large Language Model (LLM) (i.e. synonym clinical 

note sample embedding using average pooling function) is fine-tuned on the prepared 
contextualized ICD code embeddings (CCE) clinical data using Integrated Gradients (IG) 
function. This involves fine-tuning the model’s parameters to ascertain the specific patterns 
and relationships within the prepared contextualized ICD code embeddings (CCE) clinical 
data, specifically those associated to ICD codes using IG function.  

To better comprehend the proposed method, the IG function is used in determining 
which drugs and diagnoses had the strongest impact on the model predictions. The IG 
function employed in our work make predictions by associating significance to input features 
along with the attributing importance to prepared contextualized ICD code embeddings 
(CCE) clinical data. Essentially, it evaluates a score for each input features along with the 
attributing importance to prepared contextualized ICD code embeddings (CCE) clinical data. 
This is arrived at by combining the gradients of the model’s output with respect to the input 
from baseline input to the actual input. Next to an input sample (𝑆[𝐶𝐶𝐸] ∈ ℝ𝑁), the IG method 
necessitates a baseline input ‘𝑆[𝐶𝐶𝐸] ∈ ℝ𝑁’. Following which the IGs are then approximated 
by summing gradients from the specified baseline to input using the following formula as 
given below.  

 𝐼𝐺𝑖(𝑆[𝐶𝐶𝐸])𝑎𝑝𝑝𝑟𝑜𝑥 = (𝑆𝑖[𝐶𝐶𝐸] − 𝑆𝑖
′[𝐶𝐶𝐸]) ∗ ∫

𝜕𝐹(𝑆′[𝐶𝐶𝐸]+𝛼(𝑆[𝐶𝐶𝐸]−𝑆′[𝐶𝐶𝐸]))

𝜕𝑆𝑖[𝐶𝐶𝐸]

1

0
𝜕𝛼

 (6) 
From the above equation (6) ‘𝜕𝐹’ denotes the differentiable function and according 

to the samples provided for simulation, the number of iterations required to approximate 
integrated gradients differ. Initially, IG attributions are measured for all classes of data 
available with regards to distinct patients in the test dataset.  

Accordingly, the mean absolute attribution for each diagnosis that occurred is 
measured with the objective of identifying the top features. Subsequently, partial dependency 
score is calculated utilizing the top features. To do so, initially, the probability for each patient 
using fine-tuned Integrated Gradients BERT models is obtained that we refer to this 
probability as ‘ 𝑃𝑟𝑜𝑏𝑎𝑐𝑡 ’. The data for each of the top features are then permuted 
independently by swapping the respective diagnosis with a sequence of samples. 
Subsequently, the modified data is then utilized as input for the proposed method to measure 
the probability ‘𝑃𝑟𝑜𝑏𝑚𝑜𝑑’ via fold change. This is represented as given below.  
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𝐹𝐶 =
𝑃𝑟𝑜𝑏𝑎𝑐𝑡

𝑃𝑟𝑜𝑏𝑚𝑜𝑑
         

 (7) 
From the above equation (7), fold change ‘𝐹𝐶’ is measured for each feature based on 

the probabilities obtained for actual ‘𝑃𝑟𝑜𝑏𝑎𝑐𝑡’ and modified ‘𝑃𝑟𝑜𝑏𝑚𝑜𝑑’ results to measure the 
influence of certain features on the model’s prediction.  

 
3.3 Hierarchical Conditional Probability and Corrective Attention Transformer based 

Prediction  
The third step involved in the design of the proposed method is to predict the intensity or 
severity of a disease on the basis of a sequence of ICD codes. In this work Hierarchical 
Conditional Probability and Corrective Attention Transformer based Prediction model is 
used. This model uses a Transformer method to denote tokens in medical documents and 
hierarchical conditional probability and correlative risk grade-wise attention mechanism to 
create probability-risk specific dictionary representations for ICD code prediction. Figure 3 
shows the structure of Hierarchical Conditional Probability and Corrective Attention 
Transformer based Prediction model.  

 
Figure 3 Structure of Hierarchical Conditional Probability and Corrective Attention 

Transformer based Prediction model 
 
As shown in the above figure, initially a full connected layer is applied to obtain prediction 
weight embedding ‘𝜶𝒊 ’ for contextualized ICD code embedding ‘𝑪𝑪𝑬𝒊 ’ from the prepared 
contextualized ICD code embeddings (CCE) clinical data ‘𝐶𝐶𝐸𝑖,1, 𝐶𝐶𝐸𝑖,2, … . , 𝐶𝐶𝐸𝑖,𝑋’ learned by 
equation (5). 

 𝜶𝒊 = 𝑭𝑪𝜶 (𝑷𝒐𝒐𝒍([𝑪𝑪𝑬𝒊,𝟏, 𝑪𝑪𝑬𝒊,𝟐, … , 𝑪𝑪𝑬𝒊,𝑿]))     (8) 
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Finally, the Hierarchical Conditional Probability is calculated by taking into 
consideration the inner product of prediction embedding and extracted contextualized 
embedding results. Along with which, sigmoid activation function ‘𝝈()’ is applied as given 
below.  
 𝑷𝒓𝒐𝒃𝒊

′ = 𝝈(𝜶𝒊. 𝑪𝑪𝑬𝒊)        
 (9) 

After obtaining ‘ 𝑖 ’ frequent disease sequences for contextualized ICD code 
embeddings (CCE) clinical data ‘ 𝐶𝐶𝐸𝑖,1, 𝐶𝐶𝐸𝑖,2, … . , 𝐶𝐶𝐸𝑖,𝑋 ’, after that is to choose most 
widespread disease sequences depend on patient the past. To attain this, disease series are 
selected in such a way which had superior period of treatment as well as demonstrated 
progression as of diseases which patients had. To create the outcomes straightforward to 
appreciate, the list is ranked depend on Conditional Probabilities as well as Correlative Risk 
grades.  

 
3.4 Correlation-based Relationship Identification  
Finally, the proposed method is utilized in identifying possible relationships between 
diseases depend on co-incidence of ICD codes for medical record coding. Then, the possible 
relationships between diseases depend on co-incidence of ICD codes for dictionary present 
in the classes ‘𝑰𝑪𝑫𝒊’ given ‘𝑰𝑪𝑫𝒋’ and correlative risk grade for a sequence ‘𝑰𝑪𝑫𝒊’ and ‘𝑰𝑪𝑫𝒊’ 

as given below.  

 𝑪𝑷𝑹𝑰(𝑰𝑪𝑫𝒊|𝑰𝑪𝑫𝒋) =
𝑷𝒓𝒐𝒃(𝑰𝑪𝑫𝒊,𝑰𝑪𝑫𝒋)

𝑷𝒓𝒐𝒃(𝑰𝑪𝑫𝒊)
      

 (10) 
From the above equation (10) it is inferred that ‘𝑰𝑪𝑫𝒊’ materialized before ‘𝑰𝑪𝑫𝒋’. 

Then the correlative risk grade is mathematically formulated as given below.  

 𝑪𝑹𝑰𝑪𝑫𝒊,𝑰𝑪𝑫𝒋
=

𝑶𝒃𝒔

𝑬𝒙𝒑
=

𝑷𝒓𝒐𝒃(𝑰𝑪𝑫𝒊,𝑰𝑪𝑫𝒋)

𝑷𝒓𝒐𝒃(𝑰𝑪𝑫𝒊)𝑷𝒓𝒐𝒃(𝑰𝑪𝑫𝒋)
     

 (11) 

From the above equation (11), ‘𝑷𝒓𝒐𝒃(𝑰𝑪𝑫𝒊)’ and ‘𝑷𝒓𝒐𝒃(𝑰𝑪𝑫𝒋)’ denote probabilities 

which patient has disease with ICD code ‘ 𝑰𝑪𝑫𝒊 ’ and ‘ 𝑰𝑪𝑫 ’ respectively and 

‘𝑷𝒓𝒐𝒃(𝑰𝑪𝑫𝒊, 𝑰𝑪𝑫𝒋)’ is probability which arbitrarily selected patient has together diseases at 

temporal order. Also, a ‘𝐶𝑅 > 1.0’ denotes which two diseases are extremely connected with 
each other and vice versa. The pseudo code representation of Synonym-based Large 
Language Attention and Hierarchical Probability Transformer is given below.  

 
Input: Dataset ‘𝐷𝑆’, Tables ‘𝑇 = {𝑇1, 𝑇2, … , 𝑇𝑀}’, Features ‘𝐹 = {𝐹1, 𝐹2, … , 𝐹𝑙}’, Samples 
‘𝑆 = {𝑆1, 𝑆2, … , 𝑆𝑁}’ 
Output: Increased accuracy with better context understanding  
1: Initialize ‘𝑀 = 26’, ‘𝑁 = 15000’  
2: Begin 
3: For each Dataset ‘𝐷𝑆’ with Tables ‘𝑇’, Features ‘𝐹’ and Samples ‘𝑆’ 
//Step 1 Data collection and pre-processing 
//Obtain tables  
//Obtain features from the classes of available data 
//Obtain samples for further processing  
//Step 2 Model training (i.e. pre-training) 
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4: Formulate clinical note sample embedding according to (1) 
5: Evaluate overall clinical note sample embedding according to (2) 
6: Evaluate overall synonym clinical note sample embedding using average pooling 
function according to (3) 
7: Formulate key-query attention layer for extracting contextualized ICD code 
embeddings according to (4) and (5) 
//Fine-tuning according to feature significance  
8: Evaluate Integrated Gradients (IG) for prepared contextualized ICD code embeddings 
(CCE) clinical data  according to (6) 
9: Measure magnitude of differences to measure the influence of certain features 
according to (7) 
//Step 3 Prediction  
10: Obtain prediction weight embedding ‘𝜶𝒊’ for contextualized ICD code embedding 
‘𝑪𝑪𝑬𝒊’ via full connected layer according to (8) 
11: Formulate Hierarchical Conditional Probability according to (9) 
//Step 4 Relationship Identification  
12: Evaluate Conditional Probability Risk Identification results according to (10) based 
on the co-occurrence of ICD codes 
13: Evaluate correlative risk grade according to (11) based on the co-occurrence of ICD 
codes 
14: If ‘𝑪𝑹𝑰𝑪𝑫𝒊,𝑰𝑪𝑫𝒋

> 𝟎’ 

15: Then diseases are highly associated  
16: End if  
17: If ‘𝑪𝑹𝑰𝑪𝑫𝒊,𝑰𝑪𝑫𝒋

≤ 𝟎’ 

18: Then diseases are not highly associated  
19: End if  
20: End for 
21: End  

Algorithm 1 Synonym-based Large Language Attention and Hierarchical Probability 
Transformer 
As given in the above algorithm, initially, the raw dataset MIMIC-III is subjected to the data 
collection process and then five tables denoting dictionaries for cross-referencing codes in 
preparation is then used for further processing. Next, contextualized ICD code embedding 
using synonym-based ICD code attention model is used wherein initially, clinical note sample 
embedding is performed and then overall clinical note sample embedding results are 
obtained using average pooling function. Finally, key-query attention layer is formulated with 
the intent of extracting contextualized ICD code embeddings in a computationally efficient 
manner. Here also Integrated Gradients function is applied for fine-tuning the results 
therefore obtaining precise and accurate feature extracted for further processing. Third, 
prediction is performed using Hierarchical Conditional Probability and Corrective Attention 
Transformer. Here, prediction weight embedding for contextualized ICD code embedding is 
obtained via full connected layer therefore improving the overall prediction results. Finally, 
Correlation-based Relationship Identification is applied to identify relationship between ICD 
codes.  
 

4. Experimental Setup 
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This part reports experimental results for all four techniques, Synonym-based Large 
Language Attention and Hierarchical Probability Transformer (SLLA-HPT) and existing 
Hybrid Transformer Architecture [1], eXtreme Resolution-Long Attention Transformer (XR-
LATP) [2] and LD-PLAM [3]. The methods were designed and simulated by Python language 
with MIMIC-III database.  

This work gives a technique for predicting disease intensity as well as exploring 
relationship between ICD codes based on MIMIC-III dataset. Similar training approach was 
utilized for every four techniques training sessions in this work, in spite of forecast technique. 
Input samples employed for every training sessions are reserved equal, as specified previous 
in database section for every four techniques to guarantee fair comparisons. So to recognize 
effectiveness of technique, 500000 samples were selected arbitrarily. Moreover, for every 
experiment carried out, similar database was used for every four techniques. Furthermore, 
numerous evaluation parameters were employed to calculate proposed technique.  

 
5. Discussion and Inferences 

 
5.1 Inferences 
A patient with a history of asthma (ICD-10 code J45.0) followed by a lung infection (ICD-10 
code J18.1) could be predicted to have a higher intensity of respiratory disease or a higher 
likelihood of developing complications related to their asthma due to the lung infection. 
Hence by combing Synonym-based ICD Code Attention Pre-training model and Integrated 
Gradients (IG) function for generating fine-tuned results with Hierarchical Conditional 
Probability and Corrective Attention Transformer in addition to Correlation-based 
Relationship Identification as the cornerstone aids in learning complicated patters for 
medical record coding resulting in more accurate prediction of disease intensity and 
relationships. Early Detection: By ascertaining prospective relationships between diseases, 
the proposed method aid in premature recognition of barriers as well as therefore boosting 
patient results.  
 
5.2 Performance analysis of sensitivity and specificity 
First in this section the sensitivity and specificity analysis involved in the prediction of 
disease intensity by exploring relationship between ICD codes is provided.  

 𝑆𝑒𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
         

 (12) 

 𝑆𝑝𝑒 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
         

 (13) 
From equations (12) and (13), sensitivity ‘𝑆𝑒𝑛 ’ and specificity ‘𝑆𝑝𝑒 ’ is calculated 

depend on ‘ 𝑇𝑃 ’, ‘ 𝑇𝑁 ’, ‘ 𝐹𝑃 ’ and ‘ 𝐹𝑁 ’. With disease intensity prediction by exploring 
relationship between ICD codes effectiveness results for sensitivity and specificity values 
obtained from the above equations (12) and (13) the resultant value for four methods, SLLA-
HPT, Hybrid Transformer Architecture [1], eXtreme Resolution-Long Attention Transformer 
(XR-LATP) [2] and LD-PLAM [3] is given in table 2.  

 
Table 2 Sensitivity and specificity results 

Samples  Sensitivity  Specificity  
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SLLA-
HPT 

Hybrid 
Transformer 
Architecture 
[1] 

XR-
LATP 
[2] 

LD-
PLAM 
[3] 

SLLA-
HPT 

Hybrid 
Transformer 
Architecture 
[1] 

XR-
LATP 
[2] 

LD-
PLAM 
[3] 

50000 0.99 0.99 0.98 0.98 0.94 0.9 0.81 0.8 

100000 0.98 0.93 0.92 0.9 0.92 0.88 0.82 0.72 

150000 0.97 0.91 0.91 0.88 0.9 0.86 0.8 0.7 

200000 0.95 0.9 0.89 0.86 0.87 0.83 0.77 0.67 

250000 0.93 0.9 0.87 0.84 0.85 0.81 0.75 0.65 

300000 0.92 0.91 0.85 0.82 0.83 0.79 0.73 0.63 
350000 0.93 0.92 0.86 0.83 0.81 0.76 0.7 0.6 

400000 0.95 0.94 0.88 0.82 0.84 0.8 0.74 0.64 

450000 0.96 0.95 0.9 0.88 0.85 0.81 0.75 0.65 

500000 0.97 0.94 0.92 0.9 0.88 0.84 0.78 0.68 

 

 
Figure 4 Graphical representations of 𝑺𝒆𝒏 and 𝑺𝒑𝒆 

 
Figure 4 depicts graphical illustration of 𝑆𝑒𝑛 and 𝑆𝑝𝑒 with the proposed SLLA-HPT and three 
existing methods, Hybrid Transformer Architecture [1], XR-LATP [2] and LD-PLAM [3]. For 
the first six iterations the sensitivity values were though less but were found to be increased 
for the rest of four iterations using all the four methods. Similarly, the specificity values for 
the first five iterations were though reduced then increased and decreased and so on. Hence, 
the increase in sample size does not have any influence on the resultant sensitivity and 
specificity rate. Also the sensitivity using the four methods was observed to be 0.99 for SLLA-
HPT, Hybrid Transformer Architecture [1] and 0.98 using XR-LATP [2] and LD-PLAM [3]. 
From this simulation result it is inferred that 𝑆𝑒𝑛 and 𝑆𝑝𝑒  with SLLA-HPT technique was 
improved upon comparison to [1], [2] and [3]. The reason behind the sensitivity 
improvement of SLLA-HPT method over [1], [2] and [3] was due to the application of 
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Synonym-based ICD Code Attention Pre-training model that initially evaluated clinical note 
sample embedding, following which overall clinical note sample embedding results were 
obtained using average pooling function. This in turn enhanced the 𝑆𝑒𝑛  with SLLA-HPT 
technique by 3% , 6% and 9% than the [1],[2], [3]. Also by fine-tuning the results using 
Integrated Gradients (IG) function magnitude of differences were employed to measure the 
influence of certain features that in turn enhanced 𝑆𝑝𝑒 of SLLA-HPT technique by 5% , 12% 
and 23% than the [1],[2], [3].  
 
5.3 Accuracy and F1-score 
In this section accuracy and F1-score results are validated and analyzed. Accuracy or 
prediction accuracy is referred to as the most fundament performance metric for evaluating 
the effectiveness of disease intensity prediction by exploring relationship between ICD codes 
prediction method’s overall correctness. Accuracy refers to the percentage ratio of all 
predictions that are correct, irrespective of whether they are positive or negative. The 
accuracy and F1-score is mathematically formulated as given below.  

 𝐴𝑐𝑐 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
        

 (14)  

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒∗𝑅𝑒𝑐

𝑃𝑟𝑒+𝑅𝑒𝑐
       

 (15) 

 𝑃𝑟𝑒 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
         

 (16) 
From the above equations (14) and (15) accuracy is calculated with ‘𝑇𝑃’, ‘𝑇𝑁’, ‘𝐹𝑃’ 

and ‘𝐹𝑁’ resultant values. F1-score is evaluated using ‘𝑃𝑟𝑒’ and ‘𝑅𝑒𝑐’ values. With the disease 
intensity prediction by exploring relationship between ICD codes results obtained from the 
equation (14), (15) and (16) the resultant accuracy and F1-score for four methods, SLLA-
HPT, Hybrid Transformer Architecture [1], XR-LATP [2] and LD-PLAM [3] is given in table 3.  

 
Table 3 Accuracy and F1-score results 

Samples Accuracy (%) F1-score 

SLLA-
HPT 

Hybrid 
Transformer 
Architecture 

[1] 

XR-
LATP 

[2] 

LD-
PLAM 

[3] 

SLLA-
HPT 

Hybrid 
Transformer 
Architecture 

[1] 

XR-
LATP 

[2] 

LD-
PLAM 

[3] 

50000 98 98 97 96 0.99 0.98 0.97 0.97 

100000 96.15 94.25 91.25 90.35 0.98 0.93 0.88 0.8 

150000 94.35 92.15 88.45 85.25 0.96 0.91 0.86 0.78 

200000 93.15 90.35 85.35 81.15 0.95 0.9 0.85 0.77 

250000 91.35 88.25 83.15 78.35 0.93 0.88 0.83 0.75 
300000 90.25 85.35 80.25 75.25 0.91 0.86 0.81 0.73 

350000 92.45 87.25 82.45 77.45 0.93 0.88 0.83 0.75 

400000 94.55 89 84.55 79 0.94 0.89 0.84 0.76 

450000 96 90 86.35 81 0.95 0.9 0.85 0.77 

500000 97.35 91.35 88.15 82.35 0.97 0.92 0.87 0.7 
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Figure 5 Graphical representations of accuracy and F1-score 

 
Figure 5 given above illustrates the accuracy and F1-score results using the four methods, 
SLLA-HPT, Hybrid Transformer Architecture [1], XR-LATP [2] and LD-PLAM [3]. Though the 
accuracy results of all the four methods were in decreasing trend for the first seven iterations 
however were found in increasing trend for the rest of three iterations using all the three 
methods. Similar results were found for F1-score using all the four methods. However, 
simulation results revealed improvement in accuracy and F1-score for SLLA-HPT method 
upon comparison to [1], [2] and [3]. Here, the accuracy rate was found to be 0.98 for SLLA-
HPT, Hybrid Transformer Architecture [1] whereas using XR-LATP [2] and LD-PLAM [3] it 
was observed to be 0.97 and 0.96. Similarly, the f1-score were observed to be 0.99 for SLLA-
HPT, 0.98 using Hybrid Transformer Architecture [1] whereas 0.97 using XR-LATP [2] and 
LD-PLAM [3]. Cause behind enhancement was because of relevance of relationship 
identification by means of Conditional Probability Risk Identification results and correlative 
risk grade. By using these two function only high correlative risk grade results were retrieved 
for final prediction. This in turn improved the accuracy of SLLA-HPT technique by 4% , 8% 
and 13% than the [1],[2],[3]. Similarly, the F1-score using SLLA-HPT method was improved 
by 5% ,10% and 18% than the [1],[2],[3].  
 
5.4 Error rate and training time  
Error rate and training time in the overall procedure of predicting disease intensity by 
exploring relationship between ICD codes is evaluated as given below.  
 𝑇𝑇 = ∑ 𝑆𝑖

𝑁
𝑖=1 ∗ 𝑇𝑖𝑚𝑒 (𝑪𝑷𝑹𝑰 + 𝑪𝑹)      

 (17) 

𝐸𝑅 = ∑
𝑆𝐼𝑃

𝑆𝑖
∗ 100𝑁

𝑖=1          (18) 

From the above equations (17) and (18) training time ‘𝑇𝑇’ is calculated depend on 
samples involved in ‘𝑆𝑖’ and time utilized in Conditional Probability Risk Identification results 

0

0.2

0.4

0.6

0.8

1

1.2
A

cc
u

ra
cy

 a
n

d
 F

1
-s

co
re

 a
n

a
ly

se
s

Samples

Accuracy  SLLA-HPT

Accuracy  Hybrid

Transformer Architecture

[1]
Accuracy  XR-LATP [2]

Accuracy  LD-PLAM [3]

F1-score  SLLA-HPT

F1-score  Hybrid

Transformer Architecture

[1]



Int. J.Adv.Sig.Img.Sci, Vol. 11, No. 6s, 2025 

 

183 
 

‘𝑪𝑷𝑹𝑰’ and correlative risk grade ‘𝑪𝑹’. It is calculated in milliseconds (ms). Finally, error rate 
‘𝐸𝑅’ is calculated depend on samples considered ‘𝑆𝑖’ and samples inaccurately predicted with 
a disease though not ‘𝑆𝐼𝑃’. It is computed in percentage (%).Table 4 lists results of 𝑇𝑇 and 
error rate by substituting the values in equations (17) and (18) for the four methods, SLLA-
HPT, Hybrid Transformer Architecture [1], XR-LATP [2] and LD-PLAM [3].  
 

Table 4 Training time and error rate results 

Samples Training time (ms) Error rate (%) 

SLLA-
HPT 

Hybrid 
Transformer 
Architecture 

[1] 

XR-
LATP 

[2] 

LD-
PLAM 

[3] 

SLLA-
HPT 

Hybrid 
Transformer 
Architecture 

[1] 

XR-
LATP 

[2] 

LD-
PLAM 

[3] 

50000 2000 2500 3500 4000 0.09 0.1 0.12 0.14 

100000 2500 3000 3585 4015 0.13 0.15 0.17 0.18 

150000 2850 3700 4035 4015 0.14 0.16 0.18 0.19 

200000 3150 3795 4055 4095 0.16 0.18 0.2 0.21 

250000 3325 4200 4085 5015 0.18 0.2 0.22 0.23 

300000 3450 4250 5035 5085 0.15 0.18 0.2 0.21 

350000 3815 4450 5015 5125 0.12 0.15 0.18 0.19 

400000 4000 4650 5035 5235 0.1 0.12 0.15 0.17 
450000 4035 4800 5055 5285 0.11 0.13 0.16 0.17 

500000 4085 4850 5085 5300 0.13 0.15 0.2 0.21 

 

 
Figure 6 Graphical representation of training time 

 
Figure 6 given above shows the results of training time in the vertical axis for 500000 samples 

provided in the horizontal axis. Enhancing the sample size causes enhance in clinical note 
samples that in turn increases the overall training time. However, sample simulations 

performed for 50000 samples observed training time of 2000ms using SLLA-HPT method, 
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2500ms using Hybrid Transformer Architecture [1], 3500ms using XR-LATP [2] and 4000ms 
using LD-PLAM [3] respectively. 

 
Figure 7 Graphical representation of error rate 

 
Figure 7 given above shows the results of error rate in the vertical axis for 500000 samples 
provided in the horizontal axis. Increasing the sample size neither causes enhance in ER not 
cause decrease in ER. However, sample simulations performed for 50000 samples observed 
training time of 2000ms using SLLA-HPT method, 2500ms using Hybrid Transformer 
Architecture [1], 3500ms using XR-LATP [2] and 4000ms using LD-PLAM [3] respectively.  
Also the error rate for 50000 samples using the four methods was found to be 0.09, 0.10, 0.12 
and 0.14 respectively. Both the training time and error rate minimization using SLLA-HPT 
method was observed due to the application of Hierarchical Conditional Probability and 
Corrective Attention Transformer based Prediction model. By applying this prediction model, 
inner product of prediction embedding and extracted contextualized embedding results were 
used via Hierarchical Conditional Probability that in turn reduced the training time of SLLA-
HPT technique by 22% , 36% and 46% than the [1],[2], [3]. 
 

6. Conclusion 
Employing LLMs and transformer learning, not only disease intensity can be predicted but 
also aids in exploring relationships between ICD codes by analyzing medical data. This 
process involves fine-tuning LLMs containing ICD codes with the objective of learning 
patterns or identifying correlations between different conditions. In this paper, the disease 
intensity prediction by exploring relationships between ICD codes is proposed by employing 
a Synonym-based Large Language Attention and Hierarchical Probability Transformer 
(SLLA-HPT) method. The data collection is obtained by using MIMIC-III dataset. The fine-
tuning process is implemented by applying Synonym-based ICD Code Attention and 
Integrated Gradients (IG) function. Following which the prediction model employing 
Hierarchical Conditional Probability and Corrective Attention Transformer is applied to 
generate the results. Finally, to the generated results, Correlation-based Relationship 
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Identification was modeled for obtaining relationship between ICD codes for accurate 
prediction. With this hybrid model, the proposed SLLA-HPT prediction method provides a 
reasonable prediction result upon comparison with the other methods. The outcome shows 
that the disease intensity prediction accuracy, precision and time to be comparatively better 
based on a hypothesis test to that of the traditional methods with minimal error rate.  
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