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Background: Equations traditionally used for estimating
low-density lipoprotein cholesterol (LDL-C) have
limitations in accuracy and reliability. This study aimed
to compare the performance of established equations
with a machine learning approach to determine the most
appropriate method for LDL-C estimation.

Methods: A retrospective cross-sectional study was
conducted using 14,109 lipid profile records from inpatients
and outpatients at Kosumphisai Hospital, Northeastern
Thailand (2017-2021). LDL-C was estimated using the
Friedewald, Puavilai, National Institutes of Health (NIH),
and Martin equations, as well as a Ridge regression model.
Direct LDL-C measurement served as the reference
standard. Model performance was evaluated using mean
absolute error (MAE), the proportion of estimates within
+12% of the direct measurement, and Bland—Altman
analysis.

Results: The calculation of LDL-C using Ridge regression
provided the highest proportion of estimates within the
+12% error margin (75.37%), the lowest MAE (10.05 mg/
dL), and the narrowest 95% limits of agreement (—31.19 to
31.57 mg/dL) in Bland—Altman analysis.

Conclusions: Ridge regression provided greater accuracy
and reliability for LDL-C estimation compared with the
four established equations. Future research should consider
incorporating additional predictors and alternative penalized
regression techniques, such as Lasso or Elastic Net, to
enhance model robustness.
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Introduction

Cardiovascular diseases (CVDs) remain the leading cause of
mortality worldwide, accounting for approximately 31% of all
global deaths, with ischemic heart disease being a significant
contributor [1]. In Thailand, CVDs have been identified as

a primary public health concern, contributing to a growing
number of hospital admissions and healthcare costs [2]. The
accurate assessment of lipid profiles, particularly low-density
lipoprotein cholesterol (LDL-C), is essential for the early
diagnosis, risk stratification, and management of CVDs.
LDL-C is widely recognized as a key biomarker in
atherosclerosis progression and is used to guide lipid-lowering
therapies, such as statins, to reduce cardiovascular risk [3].
While direct LDL-C measurement using ultracentrifugation

or homogeneous assays provides accurate results, these
methods are costly, require specialized equipment, and are not
routinely available in resource-limited settings, particularly in
community hospitals in Thailand.

Due to the limited availability of direct LDL-C measurement,
several formulas have been developed to estimate LDL-C using
commonly measured lipid parameters. The most widely used
equation is the Friedewald equation (LDL-C = TC — HDL-C —
TG/5), which assumes a fixed triglyceride-to-VLDL-C (very
low-density lipoprotein cholesterol) ratio of 5 [4]. However,
this formula is known to be inaccurate in individuals with high
triglyceride levels (greater than 400 mg/dL), potentially leading
to a misclassification of LDL-C levels.

Alternative equations, such as the Puavilai equation [5],

the Martin-Hopkins equation, which utilizes an adaptive
triglyceride-to-VLDL-C ratio [6], and the National Institutes
of Health (NIH), USA, as the NIH equation [7], have

been developed to enhance LDL-C estimation. However,
discrepancies between these formulas have been observed,
particularly in patients with metabolic syndrome, diabetes, or
hypertriglyceridemia, making it challenging to determine the
most suitable equation for different populations.

Despite advances in LDL-C estimation methods, no single
equation works best for all patient groups, emphasizing the
need for more flexible and precise approaches. Machine
learning (ML) has emerged as a promising tool in healthcare,
capable of detecting complex patterns in medical data [8].
Various ML models, such as random forests, support vector
machines (SVMs), and deep learning, have shown better
performance in LDL-C estimation compared to traditional
equations in certain populations [9-13].

However, most existing studies have been conducted in Western
populations, where genetic, dietary, and lifestyle factors differ
significantly from those in Southeast Asia, particularly in
Thailand. Moreover, ML-based LDL-C estimation models often
require large datasets, advanced computational infrastructure,

and model interpretability, which can limit their applicability in
clinical practice. Additionally, few studies have compared ML
models with multiple LDL-C equations within the same setting,
creating a gap in understanding their relative performance in
real-world scenarios.

An important but often overlooked aspect of LDL-C estimation
is its potential effect on health disparities. Traditional

LDL-C formulas can introduce bias in certain demographic
groups, especially in patients with metabolic disorders, high
triglycerides, or unique dietary habits. Likewise, ML models
trained on datasets that lack diversity may perform differently
when applied to various ethnic or socioeconomic populations.
Addressing these disparities is essential to ensure that ML-
based LDL-C estimation models are fair and applicable to all
groups.

Considering the limitations of traditional LDL-C equations,

the potential of ML models, and the lack of research in a Thai
population, this study aims to develop and evaluate ML-based
LDL-C estimation models using lipid profile data from a
community hospital in Northeastern Thailand. Additionally, we
compare the performance of the selected ML model with four
traditional LDL-C equations (Friedewald, Puavilai, Martin-
Hopkins, and NIH) using direct LDL-C measurements to assess
their feasibility in clinical settings.

Material and Method

Study Design and Population

This study employed a retrospective cross-sectional design,
using lipid profile datasets obtained from both inpatient and
outpatient sections of Kosumphisai Hospital, Mahasarakham,

a district hospital in the northeastern region of Thailand. Data
were extracted from the Hospital Information System (HIS) and
included lipid profile measurements from 14,109 individuals
gathered between 2017 and 2021. The study population had a
mean age of approximately 62 years, with age ranging from
about 10-98 years in the training set, 10-93 years in the testing
set, and 12-96 years in the validation set. Men accounted for
roughly 38% of participants across all three datasets (38.5%

in the training set, 37.7% in the testing set, and 38.4% in

the validation set). The dataset comprised total cholesterol
(TC), triglycerides (TG), high-density lipoprotein cholesterol
(HDL-C), and low-density lipoprotein cholesterol (LDL-C).
Inclusion criteria included individuals with data on TC, TG,
HDL-C, and LDL-C. In contrast, exclusion criteria involved
individuals with missing lipid profile results and measurements
exceeding the linearity limits of the specific assays used.

The entire data selection process, including record retrieval,
exclusion steps, and dataset partitioning, is summarized in
Figure 1.
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Figure 1: Flowchart showing the data selection process, including inclusion/exclusion criteria and how the dataset is split for

training and validation.
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All lipid measurements were obtained from 12-hour fasting
plasma samples, which were analyzed using an automated
clinical chemistry analyzer (Abbott ARCHITECT, Illinois,
USA) according to the manufacturer’s instructions. TC and
TG levels were measured using enzymatic colorimetric assays,
while HDL-C and LDL-C were determined using homogeneous
enzymatic assays. All the included patient data was retrieved
from the direct LDL-C measurement using, two-step enzymatic
colorimetric method. In the first step a polyanion reagent

and detergent 1 selectively complex and mask non-LDL
lipoproteins (chylomicrons, HDL, VLDL), and cholesterol
released from these fractions is consumed by the enzymatic
system in a non-chromogenic reaction to eliminate background
signal. In the second step detergent 2 liberates cholesterol
from the LDL fraction; the liberated LDL-cholesterol is
hydrolyzed by cholesterol esterase and oxidized by cholesterol
oxidase, and the resulting hydrogen peroxide is detected

via peroxidase-catalyzed coupling with 4-aminoantipyrine/
TOOS to generate a colored product. The absorbance was read
photometrically (primary wavelength ~604 nm) at 37 °C and
converted to concentration using HDL/LDL calibrators. The
assay is linear from 5 to 600 mg/dL with a limit of detection
near 4.5 mg/dL; fresh fasting serum was used, and reagents
were handled according to manufacturer recommendations to
ensure stability and accuracy [14]. Routine systematic quality
control procedures were applied to ensure precision and
accuracy.
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Validation data

2,822 (20% of 14,109)

LDL-C Calculation Equations
LDL-C was estimated using four mathematical equations:

1. Friedewald equation:

LDL-C (mg/dL) = TC — HDL-C — TG/5
2. Puavilai equation:

LDL-C (mg/dL) =TC — HDL-C — TG/6
3. NIH equation:

LDL-C (mg/dL) = (TC/0.948) — (HDL-C/0.971) — (TG/8.56) —
[(TG*NonHDL-C)/2140] + (TG2 /16100) — 9.44

where NonHDL-C = TC — HDL-C

4. Martin-Hopkins equation:

LDL-C was determined using the Martin LDL calculator (LDL-
Calculator.com).

The accuracy of these formulas was evaluated using direct
LDL-C measurement as the reference method.

Principle of Ridge regression

Ridge regression is a regularized linear regression technique
that minimizes the sum of squared errors while incorporating
a penalty term (L2 regularization) to shrink the regression
coefficients [15]. The objective function for ridge regression is
defined as:

L= ¥ 0= 38
J=1

i=l1
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where

y, = observed LDL-C value

y, = predicted LDL-C value

j = regression coefficients

A = regularization parameter controlling shrinkage
The penalty term . g"q’l] prevents overfitting by reducing
the magnitude of regression coefficients, making the model
more stable when dealing with multicollinearity or small
sample sizes [15].
Ridge regression was chosen as the primary machine learning
method in this study for several reasons. First, it prevents
overfitting through regularization, which reduces model
complexity and enhances generalizability to unseen data [16].
This is particularly advantageous when predictor variables
such as total cholesterol (TC), triglycerides (TG), and HDL-C
tend to be correlated, as ridge regression effectively addresses
multicollinearity. Second, the method reduces variance,
yielding more stable coefficient estimates and decreasing
sensitivity to noise in lipid measurements [17]. Finally, ridge
regression is both interpretable and computationally efficient.
Unlike more complex non-linear models (e.g., XGBoost or
deep learning), it preserves transparency regarding variable
contributions and is straightforward to implement in routine
clinical practice [18].

Model Training and Evaluation

The remaining data was randomly split into 11,287 (80%) as
learning data and 2,822 (20%) as validation data. Afterward,
the 80% of 11,287 (n=9,029) was assigned as model training
data and 20% of 11,287 (n=2,258) was assigned as the model
testing data. Finally, the validation data was used to evaluate
all LDL-C methods compared to direct measured LDL-C. The
independent variables were TC, TG, and HDL-C, while direct
LDL-C measurement was the target variable. A 10-fold cross-
validation approach was used to tune the hyperparameter A
by partitioning the dataset into 10 subsets, training the model
on 9 subsets while validating on the remaining subset in each
iteration. Ridge regression was implemented using Python 3.9
and Scikit-learn 0.23.2.

Statistical Analysis

To assess the accuracy of LDL-C estimation methods, three
statistical measures were used:

1. Mean Absolute Error (MAE)

MAE quantifies the absolute difference between estimated and
directly measured LDL-C values [19]:

& N
MAE= — -
H§|h }.|
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where:

n = number of data points

y, = directly measured LDL-C

y, = estimated LDL-C

A lower MAE indicates a more accurate calculation method.
2. Bland-Altman Analysis

Bland-Altman analysis was used to assess the agreement
between estimated and directly measured LDL-C values base
on how much the differences between the calculated LDL-C
and direct measured LDL-C (20). The mean difference (bias)
and limits of agreement (LOA = mean difference = 1.96 SD)
were reported to determine systematic bias and variability
between methods.

3. Percentage Within 12% Error of Direct LDL-C

To assess the clinical acceptability of the LDL-C estimation
models, the amount of data of estimates within 12% of direct
LDL-C measurements was calculated as:

where:

yi = directly measured LDL-C

yi = estimated LDL-C
A higher number and percentage of calculated LDL-C data
within 12% differed from directly measured LDL-C, indicating
better clinical agreement. This metric aligns with clinical
practice guidelines that suggest LDL-C estimations should be
within 12% of direct measurements for reliable cardiovascular
risk assessment [21, 22].

Results

The baseline characteristics of the study population are outlined
in Table 1. The learning dataset (n = 11,287) was split into a
training set (n = 9,029) and a testing set (n = 2,258), while the
validation dataset included 2,822 participants. The average age
was 61.5 = 11.7 years in the training set, 61.6 = 11.6 years in
the testing set, and 61.9 + 11.8 years in the validation set, with
similar age ranges across datasets (10-98, 10-93, and 12-96
years, respectively). The percentage of male participants was
comparable across groups, representing 38.5% (n = 3,480) in
the training set, 37.7% (n = 851) in the testing set, and 38.4%
(n=1,083) in the validation set.
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Table 1: Baseline characteristics of the study population.

Learning data (n = 11,287) L
. — - Validation data (n = 2,822)
Variables Training (n = 9,029) Testing (n = 2,258)
Mean £+ SD Range Mean + SD Range Mean £+ SD Range
Age (years) 61.5+11.7 10-98 61.6+£11.6 10-93 61.9+11.8 12-96
Male (n, %) 3480 (38.5%) - 851 (37.7%) - 1083 (38.4%) -

TC (mmol/L) 4.87+1.23 1.37-17.48 | 4.82+1.18 | 1.37-16.64 483+£1.18 1.34-20.67
TG (mmol/L) 2.06 +1.57 0.27-21.32 | 2.05+1.50 | 0.46-15.76 2.08 £1.63 0.49-21.11
HDL-C (mmol/L) 1.16 £ 0.31 0.28-3.72 1.15+0.32 0.28-3.10 1.16 £0.32 0.28-4.13
Direct LDL-C (mmol/L) | 2.96 =+ 1.06 0.28-13.33 | 2.94+1.00 0.49-8.98 2.94 +1.00 0.31-9.12

TC: Total Cholesterol; LDL-C: Low-Density Lipoprotein Cholesterol; TG: Triglycerides; HDL-C: High-Density Lipoprotein Cholesterol; Direct LDL-C:

Directly measured LDL-C.

Lipid profile distributions were similar across datasets, with
minor variations in total cholesterol (TC), triglycerides (TG),
high-density lipoprotein cholesterol (HDL-C), and low-density
lipoprotein cholesterol (LDL-C) levels. Table 1 presents

the detailed distributions. The mean TC levels were 4.85 +
1.23 mmol/L in the training set, 4.82 + 1.18 mmol/L in the
testing set, and 4.83 £ 1.18 mmol/L in the validation set, with
respective ranges of 1.37-17.48 mmol/L, 1.37-16.64 mmol/L,
and 1.34-20.67 mmol/L. The mean TG levels were 2.06 +
1.57 mmol/L in the training set, 2.05 + 1.50 mmol/L in the
testing set, and 2.08 + 1.63 mmol/L in the validation set, with
respective ranges of 0.27-21.32 mmol/L, 0.46—15.76 mmol/L,
and 0.49-21.11 mmol/L. The mean HDL-C levels were 1.16
+ 0.31 mmol/L in the training set, 1.15 + 0.32 mmol/L in the

testing set, and 1.16 + 0.32 mmol/L in the validation set, with
corresponding ranges of 0.28-3.72 mmol/L, 0.28-3.10 mmol/L,
and 0.28-4.13 mmol/L. Lastly, direct LDL-C levels remained
consistent across datasets, with means of 2.96 = 1.06 mmol/L
in the training set, 2.94 + 1.00 mmol/L in the testing set, and
2.94 £ 1.00 mmol/L in the validation set, with respective ranges
of 0.28-13.33 mmol/L, 0.49-8.98 mmol/L, and 0.31-9.12
mmol/L. The consistency of lipid profile values across datasets
supports the reliability of model development, minimizing
dataset-related bias.

The performance of the LDL-C estimation models was assessed
using Mean + Standard Deviation (SD) and Mean Absolute
Error (MAE), as summarized in Table 2.

Table 2: Comparison of LDL-C estimation methods (Validation data, n = 2,822).

Method Mean £ SD (mmol/L) MAE (mmol/L)
Friedewald 2.72 +£0.96 0,34
Puavilai 2.88 £0.95 0,27
NIH 2.83 £0.89 0,27
Martin 2.90 +0.90 0,28
Ridge regression 2.93+0.92 0,26

MAE: Mean Absolute Error, calculated as the absolute difference between estimated and direct LDL-C values.

Among traditional estimation methods, the Friedewald equation
showed the lowest accuracy, with the highest MAE (0.34
mmol/L). In contrast, the Ridge Regression model, developed
through machine learning, outperformed all traditional
equations, achieving the lowest MAE (0.26 mmol/L), which
indicates improved estimation accuracy.

To assess the agreement between estimated LDL-C values and
direct measurements, Bland-Altman analysis was performed for
each estimation method (Table 3, Figure 2a—e). This analysis
evaluated mean bias (the difference between estimated and
direct LDL-C values) and 95% limits of agreement (LOA). The

eJIFCC2026Vol37No2pp238-246

Ridge Regression model showed the smallest mean bias (-0.005
mmol/L), indicating its LDL-C estimates closely matched the
direct measurements. Conversely, the Friedewald equation
exhibited the largest deviation, with a mean bias of -0.213
mmol/L, implying consistent underestimation of LDL-C levels.
The 95% LOA indicates the range within which 95% of the
differences between estimated and direct LDL-C values fall.
Ridge Regression had a fairly narrow LOA (-0.807 to 0.816
mmol/L), suggesting lower variability and better precision,
while the Friedewald equation had the widest range (-1.096 to
0.671 mmol/L), reflecting greater inconsistency.
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Figure 2 a—e: Bland-Altman plots comparing LDL-C estimation methods with direct LDL-C measurement (Validation data,

n=2,822).
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Table 3: Bland—Altman analysis (Validation data, n = 2,822).

Method Mean Diff (mmol/L) Lower LOA (mmol/L) Upper LOA (mmol/L)
Friedewald -0,213 -1,096 0,671
Puavilai -0,054 -0,885 0,778
NIH -0,099 -0,833 0,634
Martin -0,035 -0,897 0,827
Ridge regression -0,005 -0,807 0,816

LOA (Limits of Agreement): The range within which 95% of the differences between estimated and directly measured LDL-C values fall. Mean Diff:

The average difference between estimated LDL-C values and direct LDL-C measurements. A lower bias indicates closer agreement with the reference

measurement.

The percentage of LDL-C estimates within +£12% error was
analyzed as a measure of clinically acceptable agreement with
direct LDL-C measurement.

Figure 3: Percentage of calculation results within 12% deviated from direct LDL-C.

74,70%

Friedewald Puavilai

In Figure 3, the Friedewald equation (65.45%) had the lowest
accuracy, showing greater variability. In contrast, the Puavilai
(74.70%), NIH (74.49%), and Martin (74.45%) equations
demonstrated moderate improvements. Ridge Regression
(75.37%) had the highest accuracy; thus, machine learning-
based approaches may improve the accuracy of LDL-C
estimation. These findings highlight the benefits of alternative
LDL-C estimation methods over the Friedewald equation,
particularly in improving cardiovascular risk assessment.

Discussion

This study assessed the performance of five low-density
lipoprotein cholesterol (LDL-C) estimation methods, including
four traditional equations and a machine learning-based Ridge
regression model, in a Northeastern Thai population. Our
results show that Ridge regression outperforms traditional
formulas, offering more accurate and dependable LDL-C
estimates.

Consistent with previous studies, our results highlight

the limitations of traditional LDL-C estimation methods,
particularly the Friedewald equation. Despite its widespread

eJIFCC2026Vol37No2pp238-246

74,49%

NIH

75,37%
74,45%

Martin  Ridge Regression

use due to its simplicity, the Friedewald equation is known

to underestimate LDL-C in individuals with high triglyceride
(TG) levels or low LDL-C concentrations [11, 13, 23-25].

This underestimation is clinically concerning, as it may lead to
non-detection of cardiovascular risk and suboptimal treatment
decisions. Alternative equations, such as the Martin-Hopkins
and Sampson-NIH equations, have attempted to address these
limitations by incorporating more sophisticated TG: VLDL-C
ratio adjustments or refined algorithms for very-low-density
lipoprotein cholesterol (VLDL-C) estimation [6,7]. However,
despite these improvements, our study demonstrates that Ridge
regression provides superior accuracy and reliability in LDL-C
estimation.

The effectiveness of machine learning (ML) models for
LDL-C estimation has been corroborated by recent studies. For
instance, research in Turkish pediatric populations found that
ML models produced more concordant LDL-C estimates than
traditional formulas [10]. Similarly, a study in Eastern India
found that ML approaches, including XGBoost and Random
Forests, outperformed conventional formulas in predicting
LDL-C levels [9]. These findings align with our results,
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supporting the potential of ML-driven LDL-C estimation across
diverse populations. Accurate LDL-C estimation is essential
for cardiovascular risk assessment and optimizing lipid-
lowering therapies [24]. Errors in LDL-C estimation can lead
to misclassification of risk categories, increasing the likelihood
of overtreatment or undertreatment. Our findings suggest that
integrating Ridge regression into clinical workflows could
improve LDL-C assessment precision, enabling more precise
treatment strategies.

Machine learning methods often face challenges such as
overfitting, multicollinearity, and interpretability. Ridge
regression was chosen in this study because it can address
these issues while keeping clinical relevance. Unlike deep
learning models, Ridge regression provides transparency in
how variables contribute, making it easier for clinicians to
interpret. It also effectively handles collinear predictors, which
is especially important when working with lipid profile data
where some variables like total cholesterol (TC), triglycerides
(TG), high-density lipoprotein cholesterol (HDL-C), and
LDL-C tend to be correlated. The regularization techniques

in Ridge regression help ensure the model remains stable,
reducing the risk of excessive prediction variance and
improving its ability to generalize [16-18].

While our study offers valuable insights into the clinical use
of ML-based LDL-C estimation, several limitations need to be
acknowledged. First, our findings are based on a Northeastern
Thai population, which may limit their applicability to

other ethnicities or regions. Second, seasonal variations in
lipid levels, influenced by diet and lifestyle factors, may

have affected LDL-C estimates [24]. Third, all LDL-C
measurements were obtained from a single laboratory, which
could affect the external validity of our results in multi-center
settings. Additionally, the timing of lipid testing is often driven
by institutional practices, such as annual health checkups or
screening programs, which can differ between countries. In
Thailand, for example, these services often occur at the start of
the fiscal year or during specific seasons, leading to seasonal
overrepresentation in the dataset. This clustering may introduce
temporal bias into the model’s training and evaluation. If other
countries follow different testing schedules, the performance
of the same LDL-C estimation methods might vary due to
differences in seasonal data structures. Therefore, context-
specific validation is essential when applying machine learning-
based LDL-C models across different healthcare systems.

To further establish the clinical usefulness of regression
models, future research should focus on external validation
using independent datasets from diverse healthcare settings.
This strategy would help confirm the model’s ability to work
across different patient groups. Improving LDL-C prediction
accuracy might be possible by adding more biomarkers, genetic
data, or patient-specific clinical parameters. Additionally,
examining the robustness of other penalized regression
techniques such as Lasso and ElasticNet could enhance

model performance across various subgroups. Prospective

eJIFCC2026Vol37No2pp238-246

studies assessing how machine learning—based LDL-C
estimation influences clinical decision-making and long-term
cardiovascular outcomes would provide valuable insights into
its practical application.

Conclusion

Our study shows that a machine learning-based Ridge
regression model offers better accuracy in LDL-C estimation
compared to traditional equations. This increased precision
has important implications for cardiovascular risk assessment
and lipid-lowering therapy management. By incorporating
machine learning methods into clinical workflows, healthcare
professionals can improve LDL-C evaluation, leading to more
personalized and effective treatment strategies.
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