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ABSTRACT

Introduct ion: While LDL-C concentration remains a key indicator in lipid 
profile assessment and cardiovascular risk prediction, non-HDL cholesterol (non-
HDL-C) has been acknowledged as a superior marker, particularly among people 
with elevated levels of triglycerides (TG). However, non-HDL-C is not always 
calculated or reported in laboratory panels.

Aim:  The main purpose of this study is to evaluate the effectiveness of artificial 
neural networks (ANNs) in predicting non-HDL-C levels based on standard lipid 
parameters, i.e. LDL-C and TG.

Mater ia l  and  methods:  Based on 26,914 anonymized lipid profiles (TC, TG, 
LDL-C, non-HDL-C), an MLP 2–4–1 neural network was trained to estimate 
non-HDL-C values.

Resu l t s  and  d i scuss ion:  The non-HDL-C values predicted by the model 
showed a strong correlation with laboratory results (R² = 0.944 overall). Correla-
tion was slightly higher for TG < 400 mg/dL (R² = 0.945) and remained relat-
ively high in the hypertriglyceridemic subgroup (R² = 0.896).

Conc lus ions :  This study demonstrates that artificial neural networks are able 
to accurately estimate non-HDL-C values using the results of a lipid parameters 
survey, even in the cases of severe hypertriglyceridemia. Given its high prediction 
accuracy and its simplicity, the model is promising for the future as a practical 
decision-support tool in cardiovascular risk assessment, especially where non-
HDL-C is unavailable or unreported.
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1. INTRODUCTION

The European Society of Cardiology recommends the use of 
the SCORE2 and SCORE2-OP tables for assessing cardi-
ovascular risk. Unlike the previously used SCORE tables, 
these tables are based on non-HDL cholesterol (non-HDL-C) 
rather than total cholesterol (TC).1 While the differences 
between these rating systems are quite fundamental – 
SCORE assesses the 10-year risk of death from cardiovascu-
lar disease, whereas SCORE2 assesses the 10-year risk of 
a first major cardiovascular event – in both cases, the design 
of the system takes into account a single lipid parameter. For 
the SCORE tables, this is total cholesterol (TC), and for the 
SCORE2 tables, it is non-HDL cholesterol (non-HDL-C). 
Meanwhile, for appropriate patient treatment, low-density 
lipoprotein cholesterol (LDL-C) remains the key target ac-
cording to the European Society of Cardiology/European 
Atherosclerosis Society guidelines.2 The principle that lower 
LDL-C levels are associated with better outcomes has been 
confirmed in numerous studies.3,4 From the perspective of 
a practicing physician, there is an increase in the number of 
individual lipid parameters. In developed countries, this is 
not a significant issue, but are all of them (TC, HDL-C, TG, 
LDL-C, non-HDL-C) always necessary? After all, some of 
these parameters are mathematically related, with an accept-
able level of error. LDL-C can be calculated in several ways. 
The most commonly used methods are the Friedewald for-
mula (LDL = TC – HDL – TG/5) for values expressed in 
mg/dL1,5 and the Sampson-NIH formula proposed in 2020.6

The non-HDL-CLAB values can be calculated in the laborat-
ory from a lipid profile (non-HDL = TC – HDL).7 Romasz-
ko, Gromadziński, Buciński8 demonstrated that a simple 
mathematical transformation of the Friedewald formula 
(non-HDL = LDL + TG/5) allows for the calculation of 
non-HDL-C with approximately the same accuracy as the 
original Friedewald formula allowing for the calculation of 
LDL-C. It is tempting, therefore, to explore the relationship 
between non-HDL-C and LDL-C values using more mod-
ern tools. In the 21st century, such tools include neural net-
works, which are used to build self-learning Artificial Intel-
ligence (AI).

Most equations used to estimate serum lipid levels are 
based on the assumption of linear relationships between vari-
ables. In contrast, artificial neural networks (ANNs) have 
the ability to model complex, nonlinear relationships, which 
can lead to improved accuracy in predicting lipid parameters.

2. AIM

The main purpose of this study is to evaluate the effective-
ness of ANNs in accurately predicting non-HDL-C choles-
terol levels based on LDL-C and triglyceride (TG) values. 
The analysis includes a comparison of the predictive accur-
acy of ANN models with traditional computational meth-
ods, as well as an assessment of the potential benefits of ap-
plying artificial intelligence to laboratory diagnostics.

3. MATERIAL AND METHODS

3.1. Acquisition of laboratory data
This study utilized publicly available laboratory data de-
scribed in detail by Romaszko, Gromadziński, Buciński.8

The dataset consisted of 26,914 anonymized laboratory test 
records containing complete lipid profiles, including TC, 
TG, LDL-C, and non-HDL-C. All lipid parameters were 
measured in certified clinical laboratories – the “Dia-
gnostyka” network and the Voivodeship Specialist Hospital 
in Olsztyn (Poland). These laboratories determine LDL-C 
and other lipid parameters using the colorimetric-enzymatic 
method (Roche/Hitachi cobas 6000). Quality control of the 
tests was performed daily, and the permissible error for 
LDL-C measurement was 10%. The analyzed data were col-
lected from January 1, 2021, to May 8, 2023, and were made 
available to researchers on May 10, 2023, for scientific pur-
poses only. Based on that dataset, an attempt was made to 
construct an artificial neural network to predict the concen-
tration of non-HDL-C based on LDL-C and TG.

3.2. ANN analysis
The collected numerical data regarding the lipid profile were 
analyzed using Statistica software (StatSoft, Inc., Tulsa, USA). 
In the first step, the dataset containing lipid profile data was 
randomly divided into three subsets: training (70% of cases), 
testing (15% of cases), and validation (15% of cases). These 
proportions were chosen to ensure an adequate number of 
training data and independent sets for validation and test-
ing. The data randomization was performed prior to the di-
vision into subsets, ensuring their random and representat-
ive distribution.

A regression model was then developed, trained, and val-
idated using a multilayer perceptron (MLP) neural network, 
the structure of which corresponds to the classic MLP 
model. It consists of three main layers: input, hidden, and 
output. This is a feedforward model, meaning the signal 
flows in one direction – from the input layer, through the 
hidden neurons, to the output layer – ensuring efficient and 
precise data processing.9 The neurons of the input layer are 
responsible for the input variables (LDL-C and TG), which 
are fed into the model. The hidden layer contains four neur-
ons, and the output layer consists of a single neuron that gen-
erates the predicted non-HDL-C values (mg/dL) (Figure 1). 
Each input of the artificial neuron is associated with weights 
that determine its significance. The input signals are multi-
plied by these weights and then transformed by an activation 
function, which regulates the flow of information and defines 
how the data is processed. It is the activation functions, based 
on mathematical relationships, that decide which signals will 
be passed on. Initially, the network operates with random 
weights, which gradually adjust during the learning process, 
optimizing the model's performance.10,11 In the discussed 
ANN model, the BFGS (Broyden-Fletcher-Goldfarb-
Shanno) learning algorithm was used, which optimizes the 
network weights, allowing for the efficient finding of the er-
ror function minimum. The effectiveness of the network was 
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assessed using the mean squared error, which measures the 
difference between the values predicted by the model and the 
actual observed values in the data. Detailed information on 
the parameters used in the model is presented in Table 1.

4. RESULTS

The literature documents that high TG concentrations can 
affect the calculation of LDL-C using the Friedewald for-
mula.12 To exclude any potential impact of this factor on 
our results, we conducted the study on the entire dataset 
(n = 26,914), and then, when preparing the statistical res-
ults, we performed an additional analysis of the subset of 
cases where TG concentrations were below 400 mg/dL 
(n = 26,516) and where TG was greater than or equal to 400 
mg/dL (n = 398). The results are presented in Table 2.

The non-HDL-CANN values predicted by the neural net-
work model showed a strong correlation (Pearson correlation) 
with the non-HDL-CLAB values calculated from a lipid profile 
using the laboratory method (non-HDL-C = TC – HDL). 
For cases where TG < 400 mg/dL (n = 26,516), the corre-
lation is slightly stronger, with an R² value of 0.945. The num-
ber of cases where TG ≥ 400 mg/dL was significantly smaller 
(n = 398), but the correlation remained high, with an R² value 
of 0.896 (Figure 2). Such a high coefficient of determination 

Table 1. Summary of the parameters used in the ANN model.

Model Learning algorithm
Activation functions

Input layer Hidden layer Output layer

MLP 2–4–1 BFGS 90 linear exponential logistic

Table 2. Comparison of the mean values of non-HDL-CLAB calculated from a lipid profile using the laboratory 
method and non-HDL-CANN predicted using ANN, as well as the percentage of erroneous measurements.

SD – standard deviation

Non-HDL-C [mg/dL]
Error (%)

mean (± SD; median)non-HDL-CLAB

mean (± SD; median)
non-HDL-CANN

mean (± SD; median)

Total (n = 26,914)
124.39 

(48.06; 118.00)
124.45 

(46.65; 118.21)
–0.70 

(7.93; 0.05)

Underestomate <10% 39.62% (n = 10,663)

Error of the absolute >25% 0.394% (n = 106)

Overestimate <10% 45.34% (n = 12,202)

TG < 400 mg/dL (n = 26,516)
123.18 

(45.63; 117.52)
123.19 

(44.63; 117.38)
–0.69 

(7.80; 0.06)

Underestimate <10% 39.87% (n = 10,573)

Error of the absolute >25% 0.356% (n = 92)

Overestimate <10% 45.57% (n = 12,082)

TG >= 400 mg/dL (n = 398)
209.430 

(94.863; 194.00)
207.820 

(85.641; 195.441)
–1.203 

(13.976; –1.186)

Underestimate <10% 31.658% (n = 126)

Error of the absolute >25% 3.517% (n = 14)

Overestimate <10% 30.151% (n = 120)

Figure 1. Structure of the MLP 2-4-1 neural network for 
predicting non-HDL-CANN values based on LDL and 
TG. The network consists of an input layer with two 
neurons (LDL-C, TG), one hidden layer, and an output 
layer generating the predicted non-HDL-CANN value.
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indicates a strong accuracy of the model in predicting non-
HDL-CANN values, even in hypertriglyceridemic trials.

5. DISCUSSION

Although LDL-C concentration still plays a key role in as-
sessing the lipid profile, both in diagnosing and monitoring 
the treatment of lipid disorders and in predicting the risk of 
cardiovascular incidents, since 2021 non-HDL-C has been 

recognized as being an equally important indicator to LDL-C. 
Traditional calculation formulas, such as Friedewald, Sampson-
NIH, and Martin-Hopkins, are widely used in laboratory 
diagnostics to estimate LDL-C, non-HDL-C, and VLDL-C 
levels. Romaszko, Gromadziński, Buciński8 demonstrated 
that non-HDL-C concentration can be accurately estimated 
based on LDL-C and TG values, without the need to meas-
ure TC and HDL-C levels. The equation they proposed may 
reduce testing costs by eliminating the need for a full lipid 
profile or, more importantly, serve as an auxiliary method in 
the absence of TC results (avoiding the need for a repeat 
blood draw) and still provide results that were closer to 
laboratory measurements than the classic Friedewald for-
mula for LDL-C. However, the effectiveness of the calcula-
tion formulas is limited, particularly in cases of elevated 
triglyceride levels or other lipid disorders.5,6 In such situ-
ations, the prediction error can be significant, negatively im-
pacting the quality of diagnosis and therapeutic decision-
making. In response to these limitations, models based on 
artificial intelligence, such as artificial neural networks 
(ANN), are gaining increasing importance due to their 
higher precision in predicting laboratory values. 

In this study, we utilized artificial neural networks to pre-
dict non-HDL-C, like Romaszko, Gromadziński, Buciński8, 
based on only LDL-C and TG. Our results indicate that the 
use of ANN allows for even more accurate estimations, minim-
izing the mean prediction error compared to previous meth-
ods. A comparison of the results for non-HDL-C obtained us-
ing the ANN model and the transformed Friedewald formula 
method shows significant differences in prediction accuracy.8
Although the calculation of non-HDL-C using the Romaszko, 
Gromadziński, Buciński8 method is characterized by an error 
of 8.88%, which falls within the acceptable range of 6–12% 
defined by international and Polish laboratory diagnostic soci-
eties (NCEP, CLSI, PDL), the ANN model achieves a much 
smaller error (–0.70%). This result is well below the acceptable 
norms, suggesting the high applicability of ANN in routine 
clinical diagnostics. Additionally, the ANN model very accur-
ately reflects laboratory values for non-HDL-C, showing min-
imal differences in means and medians. Importantly, the per-
centage of large errors (>25%) for the ANN model is ten times 
lower than for the Friedewald method (0.394% vs. 3.92%). 
Moreover, the prediction error level for patients with TG > 400 
mg/dL remains similar to that for the entire group, suggesting 
that the ANN model allows for accurate prediction of non-
HDL-C even with high TG concentrations.

Researchers who compared the effectiveness of machine 
learning methods with traditional formulas such as the Frie-
dewald formula, the Martin-Hopkins equation, and the 
Sampson-NIH formula in estimating LDL-C levels have 
presented similar results.13–15 It showed that machine learn-
ing-based methods outperform traditional formulas in terms 
of accuracy, particularly in cases of high triglyceride levels. 
Moreover, other researchers16,17 have demonstrated not only 
the effectiveness of AI methods in predicting LDL-C levels 
but also applied Explainable AI (XAI) techniques to better 
understand the factors influencing prediction results. These 

Figure 2. Pearson correlation for non-HDL-CLAB calculated 
from a lipid profile using the laboratory method and non-
HDL-CANN for all cases (A), for cases where TG < 400 
mg/dL (B), and for cases where TG ≥ 400 mg/dL (C).
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studies emphasized that the interpretability of AI models is 
crucial in medical applications because it enhances the trust 
of healthcare personnel in machine learning-based systems. 
Our study used neural networks to predict non-HDL-C, ana-
logous to the studies mentioned above predicting LDL-C. 
The ANN model demonstrated high accuracy in predicting 
non-HDL-C concentrations based not only on just two but 
also directly measured TG and LDL-C values, maintaining 
strong agreement with reference laboratory results even at 
TG levels exceeding 400 mg/dL. To the best of our know-
ledge, this is the first such study.

6. CONCLUSION

(1) The ANN model can be an effective method for predict-
ing non-HDL-C, achieving results nearly identical to 
laboratory measurements and demonstrating high accur-
acy even with TG > 400 mg/dL. 

(2) This new method can be easily implemented into most 
laboratory reporting systems with little to no additional 
cost. 

(3) These findings indicate that in populations with elevated 
triglyceride concentrations – where traditional calcula-
tion methods for non-HDL-C are subject to considerable 
uncertainty – the application of the ANN model may 
provide a valuable complementary approach and help ad-
dress an existing methodological gap.
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