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Abstract

With the rise of chronic non-communicable dis-
eases due to aging populations and lifestyle
changes, hypertension and hyperlipidemia
("dual-high" diseases) have become increas-
ingly common and pose significant health risks.
This project explores the use of machine learn-
ing, particularly the LightGBM model, to pre-
dict the risk of dual-high diseases based on real-
world, de-identified physical examination data.
We performed extensive data cleaning, struc-
tured text processing, and feature engineering,
including Doc2Vec-based extraction for long
medical texts. The model identifies key risk
factors and offers insights into the association
between physiological indicators and dual-high
diseases, supporting early intervention and per-
sonalized prevention.

1 Introduction

With the improvement of living standards and
changes in lifestyle, dual-high diseases such as
hypertension and hyperlipidemia are becoming in-
creasingly prevalent among the population, posing
serious threats to health. NLP-based methods can
process vast amounts of physical examination data
and uncover potential associations and patterns.
This project aims to utilize the NLP knowledge
learned in class to perform text mining on physi-
cal examination data and improve the prediction,
prevention, and treatment of related diseases.

2 Problem Statement

Chronic diseases such as hypertension and hyper-
lipidemia (collectively known as dual-high dis-
eases) pose significant health risks, including car-
diovascular disease and stroke. Traditional risk as-
sessment models rely on structured numerical data,
often overlooking valuable insights embedded in
unstructured medical text such as doctors’ notes
and diagnostic reports. This project integrates Nat-
ural Language Processing (NLP) and Data Mining

techniques, leveraging medical text analysis along-
side structured physiological data, the system aims
to extract meaningful features from unstructured
reports, enhance predictive accuracy, and uncover
hidden risk factors.

3 Materials and Methods

3.1 Datasets

The data is sourced from the Alibaba Cloud plat-
form and authorized by Meinian Health. It is
extracted from its big health biological sample
database, including 100,000 de-identified physical
examination records and 6,000 genetic data sam-
ples. Each record contains annotations for hyper-
tension and hyperlipidemia, along with hundreds
of physical examination indicators and genetic loci.
All data has been de-identified in strict accordance
with internationally recognized medical informa-
tion anonymization standards. The dataset used
in this project consists of real-world, de-identified
hospital examination records, including: Structured
numerical data (e.g., blood pressure, cholesterol
levels). Unstructured textual data (e.g., medical
examination reports, diagnostic summaries, med-
ical history). In the data preprocessing work, we
need to perform structuring, clean labeled datasets,
etc., to ensure data quality and consistency. A rule-
based classifier will be used to perform certain
domain knowledge-based filtering

3.2 Feature Engineering

We need to perform feature extraction on various
types of features, including numerical features,
short-text features, and long-text features. The pro-
posed approach involves using label encoding for
short-text feature extraction, while Word2Vec is
utilized for long-text feature extraction.



3.3 Model Selection and Training
In this project, we selected LightGBM (Light Gra-
dient Boosting Machine) as the primary model for
predicting the risk of dual high diseases (hyperten-
sion and hyperlipidemia). This decision was made
based on LightGBM’s well-recognized efficiency,
scalability, and high accuracy in handling struc-
tured data, especially in scenarios involving a large
number of features and sparse representations, such
as those encountered in medical datasets.

LightGBM provides faster training speed and
lower memory usage by utilizing histogram-based
algorithms and optimized leaf-wise tree growth.
It supports GPU acceleration, which significantly
reduces model training time. Compared with other
boosting algorithms like DART and GOSS, GBDT
(Gradient Boosted Decision Tree) in LightGBM
showed the lowest MSE and highest R² in our task,
especially on key indicators such as systolic and
diastolic blood pressure and serum lipid profiles.

The model was trained using a 5-fold cross-
validation strategy to ensure generalization. Input
features included a combination of cleaned numeri-
cal features and vectorized text features (from long
medical notes), where long text was encoded using
Doc2Vec. During training, the top 250 features
(about 37% of all features) were selected based on
prior importance ranking.

3.4 Model Evaluation and Interpretation
Metrics: MSE (Mean Squared Error), R² (R-
squared), AUC (Area Under Curve). Explainability
Analysis:Feature importance ranking to identify
key risk factors.

4 Expected Outcome

A machine learning model that improves disease
risk prediction by integrating NLP-based insights
from medical reports.

A structured approach for mining medical data,
combining text analysis and numerical feature ex-
traction. Improved explainability of disease risk
factors, supporting early intervention and personal-
ized treatment recommendations.

5 Related Work

With the rapid advancement of information tech-
nology, artificial intelligence (AI) has been increas-
ingly applied to chronic disease prediction and man-
agement. Numerous studies have demonstrated the
effectiveness of machine learning (ML) algorithms,

especially ensemble methods, in predicting cardio-
vascular diseases.

Yang et al.(Yang et al., 2023)proposed an en-
hanced artificial neural network (ANN) using the
Framingham Heart Study dataset for coronary heart
disease (CHD) prediction. Their model surpassed
the Framingham Risk Score (FRS) in sensitivity
and specificity, though it had a lower AUC. Du et
al.(Qin, 2023) applied machine learning to predict
CHD in hypertensive patients based on electronic
health records, with XGBoost achieving the highest
AUC of 0.943.

Akella and Akella (Dhruva Kumar et al.,
2022)applied six ML algorithms on the Cleveland
dataset for coronary artery disease (CAD) predic-
tion, with neural networks achieving over 93% ac-
curacy. Muhammad et al. [18] used clinical data
from two Nigerian hospitals and found random
forests yielded the best performance with 92.04%
accuracy.

Wang et al.(Wang et al., 2014)combined logistic
regression and ANN for hypertension prediction
using BRFSS data, achieving over 72% accuracy
and an AUC above 0.77. You et al.(You et al., 2023)
utilized SpO2 signals to predict hypertension risk
in obstructive sleep apnea (OSA) patients. Their
random forest model reached 84.4% accuracy and
outperformed clinical expert predictions.

Qin(Qin, 2023) developed an XGBoost-based
model using data from L Hospital, achieving a
12.7% average error rate, further validating XG-
Boost’s effectiveness in hypertension prediction.
Collectively, these studies highlight the growing
role of machine learning—particularly boosting
algorithms like XGBoost and LightGBM—in en-
hancing predictive accuracy for chronic conditions
such as cardiovascular disease and hypertension.
Building upon this foundation, the present study
explores the use of LightGBM to predict dual-high
diseases (hypertension and hyperlipidemia), aim-
ing to support early detection in at-risk populations.

Most existing research relies on a single data
source and has a small sample size. In contrast, our
study includes approximately 60,000 records, with
nearly 300 features retained after feature selection,
making the data more comprehensive. We use mul-
tiple models for disease prediction, primarily em-
ploying LightGBM. Unlike most prediction tasks,
our research innovates in multi-target space prepro-
cessing based on electronic medical record (EMR)
data, aiming to standardize the metrics across dif-
ferent data sources. Text features are vectorized



using the Doc2Vec model, and predictions are ulti-
mately made using the LightGBM model. We also
use the Mean Decrease Impurity (MDI) method
for global importance assessment to enhance the
model’s interpretability. The highly correlated fea-
tures are then input into the LLM for inference
related to their association with hypertension and
hyperlipidemia diseases, supplemented by litera-
ture or medical record databases (RAG), resulting
in an analysis of potential disease risk factors.

We also plan to combine the EMR dataset and
the obtained model with large language models
(LLMs) to generate inference-based risk predic-
tions for doctors. Doctors can combine their per-
sonal expertise with the generated medical history
information to provide more interpretable decision
support for patients. Our research approach is to
enable the LLM to learn the highly correlated fea-
tures and corresponding EMR data derived through
the MDI method, and extract structured text infor-
mation similar to what we input into the Doc2Vec
model from doctor-patient dialogues. During this
process, we supplement the inference results with
RAG, then vectorize the results, use the trained
model for indicator prediction, and finally feed the
predicted results back into the LLM to generate
inference-based risk predictions for doctors’ ref-
erence. The ultimate goal of this approach is to
reduce the doctors’ workload and guide patients
toward healthier living.

6 Results of Conducted Experiments

6.1 Transforming Raw Data into Structured
Data

In terms of the dataset, there are 8,104,368 un-
structured data entries, each representing a physi-
cal examination result. The examination project ID
field has identical values for the same examination
item. The examination result field includes both
numerical and character data types, and the results
are provided in an unstructured text format. The
meaning of each data entry is that the patient (vid)
obtained the examination result (field_results) for
the examination item (table_id).

A dataset of 38,198 labeled entries, with labels
consisting of five indicators representing blood
pressure and blood lipid levels: systolic blood pres-
sure, diastolic blood pressure, serum triglycerides,
serum high-density lipoprotein (HDL), and serum
low-density lipoprotein (LDL).

Figure 1: Feature Processing Flowchart

6.2 Structured Raw Data Processing

For features classified as numerical but still con-
taining a small proportion of text feature values,
we calculate the proportion of text feature values.
If the proportion of text feature values is less than
5%, we directly drop these feature values. If the
proportion is greater than 5%, we manually convert
them into numerical values. For text features, we
performed operations such as cleaning punctuation,
data standardization, and replacing mappings with
medical knowledge. We also used the jieba segmen-
tation tool for word segmentation and introduced a
medical dictionary to assist with the segmentation.
For features with a length of 6 or fewer characters,
we considered them short-text features; otherwise,
they are considered long-text features. Among the
145 text features, 100 are long-text features, and 45
are short-text features.The flow of feature process-
ing is shown in figure 1.

For the extraction of short-text features, inspired
by one-hot encoding, we adopted a method similar
to label encoding. The basic idea is to map each
category to a unique integer label. For long-text
features, initially, we used the TF-IDF extraction
method, but the results were unsatisfactory. The ex-
tracted feature file was as large as 4GB (the original
file was only 100MB), and it contained a very high
proportion of zero values. After reconsideration,



Feature Doc2Vec Word2Vec
Input Data Whole document Single words
Context Info Uses document-level context Uses surrounding words
Representation Vector of document Vector of each word
Model Type PV: DM + DBOW CBOW and Skip-gram
Training Target Match doc and context words Match target with context words
Document Length Handles varying lengths Fixed-length may be needed
Similarity Comparison Compares full documents Compares individual words

Table 1: Simplified comparison between Doc2Vec and Word2Vec models

Hyperparameters Value
vector_size 5
window 5
min_count 1
sample 0
workers 16
hs 0
dm 1
negative 5
dbow_words 1
dm_concat 1
epochs 10

Table 2: Hyperparameters for Doc2Vec.

we switched to the Doc2Vec method and set the
vector size (vectorsize) to 5, meaning we believe
that five components can reasonably represent the
patient’s examination results on these five indica-
tors. This method successfully maps the complex
examination data into a high-dimensional yet con-
cise vector space, making it easier for analysis and
comparison.

Doc2Vec is an extension of Word2Vec.
Word2Vec is a method for representing words
as dense vectors that can capture semantic
relationships between words. Doc2Vec builds
upon this by training a neural network model to
learn vector representations of entire documents,
enabling the comparison of document similarities
within a continuous vector space. Its ability to
extract features from long texts is achieved through
the Paragraph Vector model, a technique designed
for learning document-level representations. The
Paragraph Vector model extends Word2Vec to
handle entire documents rather than just individual
words.(The comparison between Doc2Vec and
Word2Vec is shown in table 1, the hyperparameters
for Doc2Vec is shown in table 2).

Figure 2: Text Feature Extraction Process

6.3 Prediction Model Based on LightGBM

We used KNN and LightGBM for model training.
The results obtained from KNN were not very satis-
factory, while the model obtained from LightGBM
was more promising.

This study selects LightGBM as the prediction
model. Developed by Microsoft, LightGBM is a
boosting ensemble model that serves as an opti-
mized and efficient implementation of the Gradient
Boosting Decision Tree (GBDT) algorithm. Al-
though it shares conceptual similarities with mod-
els like XGBoost, LightGBM demonstrates supe-
rior performance in various aspects.

According to its official documentation, Light-
GBM offers several advantages, including faster
training speed, lower memory usage, higher accu-



Figure 3: Short text features after label encoding

Figure 4: Document vectorization using Doc2Vec

racy, support for parallel learning, the ability to
handle large-scale datasets, and native support for
categorical features.

These advantages are mainly attributed to the
following technical implementations. First, Light-
GBM uses a histogram-based algorithm during
training to discretize continuous floating-point fea-
tures into a fixed number of bins and builds his-
tograms to efficiently determine the best split
points. This significantly improves training speed
and reduces memory consumption. Second, it
adopts the Gradient-based One-Side Sampling
(GOSS) method, which selects data instances with
large gradients and randomly samples from the
rest, thereby reducing computational cost without
sacrificing accuracy. Third, LightGBM applies a
leaf-wise tree growth strategy with depth limitation.
Instead of growing the tree level-by-level, it selects
the leaf node with the highest gain for splitting at
each step, which results in better accuracy for the
same number of splits. Finally, multi-threading op-
timization is utilized to further accelerate training.

Unlike traditional GBDT tools that adopt level-
wise tree growth, LightGBM uses a leaf-wise

growth strategy with a maximum depth constraint.
In each iteration, it identifies and splits the leaf
node with the highest gain, which is usually the
node with the largest number of data samples. This
approach significantly reduces loss and improves
prediction accuracy. However, it can also lead to
very deep trees and potential overfitting. To ad-
dress this, LightGBM introduces a tree depth limit
to control model complexity and enhance general-
ization.

During model training, a relatively large learn-
ing rate such as 0.05 or 0.04 led to excessively fast
convergence, making it difficult for the model to
achieve optimal results. However, when the learn-
ing rate was reduced to 0.02 or 0.015, the model
performance did not improve, and the training time
became significantly longer. Specifically, when
the learning rate was set to 0.015, the total train-
ing time for five models reached approximately 35
hours. As a result, a learning rate of 0.025 was
ultimately adopted.

The best results were obtained by using gbdt as
the boosting type for gradient boosting trees. The
loss function and evaluation metric were both set
to mean squared error (MSE). Considering that
the number of features remained relatively high
even after data cleaning—and that some features
contributed very little to the model (e.g., prostate,
uterus)—the feature vector dimensionality reached
nearly 700 after vectorization. To prevent overfit-
ting, 60% of the features were randomly selected
for training in each iteration. Additionally, a rela-
tively large L1 regularization coefficient of 0.3 was
applied.

Regarding the choice of boosting_type, Light-
GBM supports several options, each with distinct
mechanisms and advantages:

(1) gbdt (Gradient Boosting Decision Tree) is
the default and most commonly used method. It fol-
lows the traditional gradient boosting framework,
where each new tree is trained to fit the residual er-
rors of the ensemble model so far. Mathematically,
the residuals can be expressed as the negative gradi-
ents of the loss function L, turning gradient boost-
ing into a functional gradient descent algorithm. At
each iteration, LightGBM fits a regression tree to
these negative gradients and updates the ensemble
accordingly.

(2) dart (Dropouts meet Multiple Additive Re-
gression Trees) is an enhanced version of GBDT
that introduces a dropout mechanism inspired by
neural networks. During training, some decision



Figure 5: Evaluation metrics for the GBDT model: Left – Mean Squared Error (MSE), Right – R2 score.

trees in the current ensemble are randomly dropped
before fitting the next tree. This stochastic regu-
larization technique helps prevent overfitting by
reducing the reliance on specific trees and encour-
aging the model to be more robust.

(3) goss (Gradient-based One-Side Sampling) is
a unique acceleration technique designed specifi-
cally for LightGBM. It ranks training instances by
the absolute values of their gradients and retains
those with larger gradients (which usually carry
more information about the loss), while randomly
discarding a portion of the instances with smaller
gradients. This significantly reduces the dataset
size used in each iteration, thereby speeding up
training while maintaining model accuracy.

Each of these boosting types balances train-
ing speed, regularization strength, and predictive
performance differently. In practice, gbdt offers
strong general-purpose performance, while dart
is more suitable in scenarios prone to overfitting,
and goss is ideal when training speed is critical on
large datasets.

To evaluate the impact of different boosting
strategies on model performance, three variants of
LightGBM’s boosting_type were tested: gbdt,
dart, and goss. For each configuration, two evalu-
ation metrics were selected: Mean Squared Error
(MSE) and the coefficient of determination (R2

score).
Figure 5 illustrates the evaluation results for the

gbdt model, with the left plot depicting MSE and
the right plot showing R2. These metrics provide
insight into both the accuracy of the predictions
and the model’s ability to explain the variance in
the data.

Subsequently, the performance of the dart
model(Figure 6) is visualized using the same met-
rics. While dart incorporates dropout-based reg-
ularization to reduce overfitting, it did not outper-
form the baseline gbdt model in this specific task.

Boosting Type Parameters MSE R2

gbdt LDL 0.0305 0.3878
dart LDL 0.6490 -12.0505
goss LDL 0.0391 0.2151

Table 3: Hyperparameters for Doc2Vec.

The evaluation plots for goss are also pre-
sented(Figure 7). Although goss achieved bet-
ter performance than dart by focusing on high-
gradient samples, its accuracy still lagged behind
that of gbdt.

Based on this comparative analysis(Table
4), gbdt was selected as the most suitable
boosting_type for the final model due to its supe-
rior performance across all evaluation metrics. The
resulting performance is summarized as follows:

After training with the top 30% of features and
tuning the parameters, we obtained the the follow-
ing ideal parameter list in Table 6. After training
for 15 epochs, the evaluation metrics for each index
model are summarized in Table 5.

To further investigate the individual contribu-
tions of textual and numerical features, we con-
ducted additional experiments by training two sep-
arate LightGBM models: one using only structured
numerical features, and another using only unstruc-
tured textual features (processed via Doc2Vec).
The performance of these single-modality mod-
els was then compared to the previously discussed
combined model that utilizes both feature types.

Across the five key prediction targets—Systolic
Blood Pressure, Diastolic Blood Pressure, Serum
Triglycerides, Serum HDL, and Serum LDL—we
observed that the combined model consistently out-
performed both text-only and number-only models
in terms of Mean Squared Error (MSE). This trend
highlights the synergistic benefit of integrating both
structured and unstructured data sources. Notably,
the MSEs from the text-only model were 0.01 to



Figure 6: Evaluation metrics for the DART model: Left – Mean Squared Error (MSE), Right – R2 score.

Figure 7: Evaluation metrics for the GOSS model: Left – Mean Squared Error (MSE), Right – R2 score.

0.02 higher than the combined model, suggesting
that while unstructured textual information derived
from medical notes contains valuable context, it
lacks the quantitative precision necessary for highly
accurate predictions when used in isolation.

On the other hand, the number-only model
showed only a slight performance drop, with MSE
values approximately 0.001 higher than those of the
combined model. This narrow gap underscores the
critical role of numerical features—such as blood
pressure readings and lipid concentrations—which
are directly measurable and have well-established
clinical relevance. However, despite their primary
predictive power, these numerical features do not
fully capture the holistic patient context that textual
records can offer.

The improved performance of the combined
model, although modest in absolute MSE differ-
ence, suggests that textual data contributes subtle,
complementary information that helps the model
better generalize and refine its predictions. For
example, long-form medical notes may include de-
scriptions of lifestyle factors, historical conditions,
or physician assessments that are not reflected in
raw numerical inputs but still influence patient out-
comes. These results reaffirm the value of multi-
modal feature integration in medical data modeling
tasks, especially in scenarios involving complex,

multifactorial health indicators such as dual-high
diseases. This integration not only boosts predic-
tive performance but also moves the model closer
to the kind of reasoning human clinicians use, in-
corporating both numbers and narratives for more
comprehensive decision-making.

Prediction Parameters number text
Systolic Blood Pressure 0.01530 0.01516
Diastolic Blood Pressure 0.01861 0.01917
Serum Triglycerides 0.07286 0.09557
Serum HDL 0.01132 0.01336
Serum LDL 0.03160 0.04018

Table 4: MSE Comparison of Text-Only and Number-
Only Models Across Five Health Indicators.

Prediction Parameters MSE R2

Systolic Blood Pressure 0.013667 0.373500
Diastolic Blood Pressure 0.017644 0.308722
Serum Triglycerides 0.071266 0.435021
Serum HDL 0.010652 0.425312
Serum LDL 0.030483 0.387840

Table 5: Model prediction results with corresponding
average MSE and R2 values.



Hyperparameters Value
learning_rate 0.025
boosting_type gbdt
objective regression
metric mse
num_leaves 60
feature_fraction 0.6
min_data 100
min_hessian 1
verbose 1
lambda_l1 0.3
device gpu
num_threads 8

Table 6: Hyperparameters for LightGBM.

The final average MSE obtained was 0.0289,
and the average R-squared was 0.3865. This value
is a relatively positive indicator, achieved while
averaging the MSE of the serum triglyceride met-
ric at 0.07. If serum triglycerides are excluded,
the average MSE of the remaining four models is
0.0181, and the average R-squared is 0.3733. The
figure of 0.0181 demonstrates that the model al-
ready achieves quite good performance.

R-squared is used to measure how much of the
variation in the dependent variable can be explained
by changes in the independent variables. However,
medical diseases are often influenced by multiple
factors, including genetics, environment, lifestyle,
etc. This results in highly complex disease mecha-
nisms, with factors that are difficult to account for
or even impossible to explain, thereby limiting the
model’s explanatory power. Moreover, individual
physiques cannot be generalized—different indi-
viduals may exhibit significant variations in their
responses to and progression of diseases. Although
the model’s R-squared is only 0.3865, when con-
sidering the MSE, it can still be concluded that the
model achieves relatively ideal results.

6.4 Analysis of Potential Pathogenic Factors

This study explores potential risk factors for dual-
high disease through reverse feature analysis and
identifies key medical examination items that sig-
nificantly contribute to predicting dual-high dis-
ease. Here, the LightGBM model is employed
to analyze high-contribution features, utilizing the
model’s feature_importance() method to ob-
tain the importance scores of each feature.

The principle of this importance evaluation
method operates through two key steps. First, the

algorithm traverses each feature and attempts to
split at every possible value of that feature. Sec-
ond, it calculates the gain value at each split, which
quantitatively represents the reduction in the loss
function achieved by that particular split. These
gain values serve as the fundamental metric for
determining feature importance within the model.

Thus, each feature is assigned a corresponding
gain value, where a higher gain value indicates
greater feature importance.

Among the top 10 contributing features for di-
astolic and systolic blood pressure, 28 features are
shared between both measurements. For diastolic
blood pressure, systolic blood pressure, and serum
triglycerides, there are 22 additional shared top 10
important features. The remaining two indicators
have almost no overlapping features in their top 30
rankings.

Next, we manually examined these features for
analysis. In the top 30 features for each indicator,
most are anonymized numerical features whose
meanings cannot be analyzed since the organizers
have not disclosed their interpretations. Among the
interpretable text features, we speculate the follow-
ing correspondences: 0434 (Medical history), 4001
(Vascular function test), 1103 (Chest CT), 0113
(Liver), 0114 (Gallbladder), 0117 (Kidney), 0101
(Thyroid), 0115 (Pancreas), and 1001 (Electrocar-
diogram).

Feature 0434 ranks first for both diastolic and
systolic blood pressure, likely representing medical
history. Analysis suggests that individuals with his-
tories of hypertension, diabetes, thyroid disorders,
kidney disease, pancreatitis, fatty liver, obesity, or
those undergoing related treatments are more sus-
ceptible to dual-high disease. Based on these find-
ings, we had ChatGPT analyze relevant articles
from NIH MedlinePlus and Mayo Clinic to iden-
tify underlying patterns.

Feature 4001 contains descriptors such as
mild/moderate/severe reduction in vascular elas-
ticity, atherosclerosis, and mild/moderate increase
in arterial stiffness. This likely represents vascu-
lar function tests. Reduced vascular elasticity im-
pairs normal blood-pumping function, atheroscle-
rosis causes cholesterol plaque buildup in arterial
walls, and increased arterial stiffness affects va-
sodilation/constriction capacity - all contributing to
blood flow obstruction and elevated blood pressure.

Features 0113 (liver), 0114 (gallbladder), 0117
(kidney), 0101 (thyroid), and 0115 (pancreas) can
be clearly inferred from their values. Fatty liver dis-



ease may lead to dual-high disease through mecha-
nisms involving insulin resistance, abnormal lipid
metabolism, inflammation, and oxidative stress. In-
sulin resistance causes fat accumulation in the liver,
elevating blood triglyceride and cholesterol levels.
Additionally, fatty liver-related inflammation and
oxidative stress may exacerbate cardiovascular dis-
eases, contributing to hypertension.

Regarding gallbladder function, impaired bile
secretion/flow affects fat digestion, absorption of
fat-soluble vitamins, and waste elimination. Im-
paired fat digestion leads to incomplete absorption,
increasing blood lipid levels. Bile is crucial for
absorbing fat-soluble vitamins; abnormal secretion
reduces absorption, affecting normal metabolism.
Cholesterol synthesized in the liver is excreted
through bile; bile stasis or composition changes
may reduce cholesterol excretion, increasing blood
cholesterol levels. The liver and gallbladder mutu-
ally influence each other. Liver diseases like cir-
rhosis or hepatitis may affect bile production/flow,
impacting gallbladder function. Conversely, gall-
bladder issues like gallstones or inflammation may
trigger liver diseases, ultimately leading to abnor-
mal blood lipids and pressure.

Kidney diseases may also contribute to dual-high
disease. Conditions like nephritis impair glomeru-
lar filtration, compromising waste removal and
water-salt balance regulation. This leads to fluid re-
tention, increased blood volume, and consequently
hypertension. The thyroid gland plays a vital role in
the endocrine system. Hyperthyroidism increases
metabolism and heart rate, raising cardiac work-
load and blood pressure. Hypothyroidism slows
metabolism, potentially causing lipid metabolism
disorders and elevated blood lipids.

Pancreatic disorders may cause insulin resistance
and insufficient insulin secretion. As insulin reg-
ulates blood sugar, these conditions promote fat
accumulation, elevating blood triglycerides and
cholesterol levels. Electrocardiogram results can
also indicate dual-high disease risk. Findings like
tachycardia, bradycardia, or arrhythmia may in-
crease hypertension risk by overactivating the sym-
pathetic nervous system, releasing excess stress
hormones (epinephrine/norepinephrine) that cause
excessive vasoconstriction and increased heart rate.
These conditions may also cause incomplete or
rapid ventricular contractions that impair cardiac
pumping, requiring increased force that elevates
blood pressure.

Osteoporosis and hypertension show some corre-

lation, possibly because osteoporosis is more preva-
lent in elderly populations who are more suscep-
tible to dual-high disease. The renin-angiotensin-
aldosterone system (RAAS) regulates blood pres-
sure and affects bone metabolism. Angiotensin I
and II influence osteoclast/osteoblast activity, with
studies showing angiotensin II stimulates osteo-
clast proliferation. Hypertensive patients often
exhibit increased intracellular calcium and renal
calcium excretion. Excessive dietary sodium in-
creases obligatory calcium excretion - a common
potential factor for both conditions. Although the
clinical relationship remains incompletely under-
stood, studies show higher osteoporosis incidence
among hypertensive patients compared to normal
populations.
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