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Abstract

Objectives: Reference intervals (RIs) play a crucial role
in contemporary healthcare by providing critical support
for clinical decision-making. RI calculation methods have
certain limitations. They cannot capture age-related variations
in laboratory values and non-linear relations between vari-
ables. Therefore, alternative methods that preserve the
continuous type of age and consider non-linear relations must
be explored. This study aimed to suggest an alternative
method, namely, fractional polynomial (FP) regression models,
to overcome these limitations and estimate the reference limits
based on this method for ALT and AST markers.

Methods: This retrospective study is conducted on a large
hospital database to establish continuous age and sex-specific
RIs for ALT and AST in a Turkish population. The study
included 4,386 and 2,834 individuals for ALT and AST, respec-
tively, aged 18-92 years. FP models and a non-parametric
approach are used to calculate RIs.

Results: For AST in females, a linear model indicated the
relationship between age and AST in females (p=0.673).
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However, more complex models (m0=4) were explored for
female ALT values. After several comparisons, the FP3 model
was chosen as the best fit (p=0.098). For male ALT and AST, FP
analysis showed no significant age-related effects (p=0.679 and
p=0.507, respectively). Therefore, traditional non-parametric
methods were used to calculate RIs.

Conclusions: Compared with discrete RIs, continuous RIs
are more accurate. Laboratories should determine RIs that
reflect their population. Future research could explore the
application of FP models in the pediatric population.

Keywords: continuous reference intervals; fractional poly-
nomial regression; ALT; AST; adults

Introduction

Reference intervals (RIs) are crucial in contemporary health-
care as they provide critical support for clinical decision-
making [1]. The establishment of RIs is conducted in accor-
dance with the protocols set out by the Clinical Laboratory
Standards Institute (CLSI) and the International Federation of
Clinical Chemistry (IFCC). They are defined as the middle 95 %
range of laboratory results obtained from a population of
healthy individuals [2]. RIs are used to interpret a patient’s
laboratory test results [3-5], particularly for liver function
tests, such as alanine aminotransferase (ALT) and aspartate
aminotransferase (AST). These tests are used to diagnose liver
diseases and monitor treatment efficacy [6]. Inaccurate RIs can
lead to misdiagnosis, ineffective treatment, and compromised
patient outcomes. Therefore, improving RI determination
methods is significant in contemporary healthcare [7, 8].
Particularly, the non-linear relationship between factors such
as age and ALT/AST levels should be considered.

Traditional RI determination methods involve dividing
the population into subgroups based on age, sex, and other
factors and have several limitations [2, 9-11]. Particularly,
these methods may not consider the non-linear relationship
between these factors and ALT and AST levels. For example,
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categorizing age into discrete age groups may not accurately
capture age-related variations in laboratory values. Conse-
quently, lower and upper age limits may exhibit significant
disparities when transitioning between two age groups,
resulting in inaccurate medical diagnoses. Additionally, cat-
egorizing continuous predictors including age causes infor-
mation loss, limiting RI accuracy [12-18]. To overcome these
limitations and improve the accuracy of RIs for ALT and AST
markers, alternative methods should be explored, such as
fractional polynomial (FP) regression models [13, 17, 18].

FP regression models are statistical models that
address the limitations of traditional RI determination
methods [19, 20]. They are useful when variables are non-
linear. They preserve the structure of continuous variables,
such as age, by capturing non-linear relationships accu-
rately. FP models are flexible and can capture non-linear
relationships and thus are suitable for calculating RIs with
continuous age variables including ALT and AST markers
[21, 22].

This study aimed to (1) introduce and suggest FP models
for RI calculation with continuous age and (2) estimate the
reference limits based on this method for ALT and AST
markers.

Materials and methods
Data collection

This retrospective study is conducted on a large hospital
database to establish continuous age and sex-specific RIs for
liver function values (ALT, AST) in a Turkish population. This
study included 5,306 and 3,184 individuals for ALT and AST,
respectively, who had undergone at least one liver function
test between January 1, 2017, and June 30, 2023. Data of in-
dividuals aged 18-92 who applied to a single outpatient clinic
for routine examination were obtained. Duplicate results
from the same test on the same patient number were elim-
inated. We eliminated 235 duplicate records for ALT and 175
duplicate records for AST. These individuals applied to the
outpatient clinic once and had a laboratory examination.
Next, we excluded 1,020 outlier values for ALT and 342
outlier values for AST. Thus, the data consisted of the hos-
pital population, with individuals who were most probably
healthy. Finally, we included 4,051 and 2,667 individuals in
the study for ALT and AST, respectively.

Age was measured in years. AST (U/L) and ALT (U/L)
levels were examined using the enzymatic colorimetric
method (AU5800, Beckman Coulter, CA, USA). The laboratory
reference ranges for which the data from this study were
obtained include AST values <38 U/L in males and <32 U/L in
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females and ALT values <55 U/L. The gender variable was
coded as Male or Female. In our laboratory, control materials
are used for AST and ALT parameters at two different levels
with 12-h intervals. These internal quality control results are
evaluated within the framework of Westgard rules. For the
external quality assessment, the RIQAS external quality
control program is used for the relevant tests. The local
research Ethics Committee approved the study on 06/03/2024
(Approval number: 2024/251). Informed consent was not
required because the dataset consisted of de-identified sec-
ondary data released for research purposes.

Fractional polynomial regression

Royston et al. proposed FP functions, subsequently
employed by Royston and Sauerbrei as a robust statistical
approach for constructing medical research models [20, 23].
This method effectively addresses the issue of non-linear
associations between the response variable and predictors,
which is common in linear regression models. Categorizing
continuous predictors may result in information loss [24] as
it involves converting a continuous variable into discrete
categories. Determining how many and which cut-points to
employ in this process can be challenging as the underlying
data distribution and desired level of granularity must be
considered carefully [21, 25].

We expect one continuous predictor (X) and one
response, and a suitable regression model is pX. B, was
subtracted to calculate easily. This approach can sufficiently
describe the relationships. However, other models must be
examined for potential enhancements. The simplest trans-
formation model of the linear model is BX} Royston and
Altman (1994) Developed FP models, which include trans-
formations that are power functions X?, X1 or X" + XP for
different p values of powers. The p values select from pre-
defined limited set called S={-2, -1, 0.5, 0, 0.5, 1, 2, 3} and,
X’=In(X). FP functions with degrees of one (FP1) as defined as
FP1=pX". 1f p=0, FP1=B;In(X). FP1 contains eight models for
eight different power values; the model that fits the data the
best has the highest likelihood. For non-linearity test, p=1
vs. p#1 is tested with a chi-square test with 1 degree of
freedom. This test is based on the log-likelihood ratio
(—2logL). If the test statistic is not significant, the linear
model is used; otherwise, an FP with a non-linear function
is selected [21].

The more complicated function FP2 comes next after
function FP1 as FP2=BX%" + BX5* (p1=1, p2=2). If py=p,=p, it is
called repeated powers, and FP2=BX% + BX5 In (X). FP2
contains 36 power combinations, and the one with the
highest likelihood is the best-fit model [21].
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The best model is selected with closed testing proced-
ures (called RA2) or sequential procedures [22, 26]. According
to the results of the simulation study, the best model selec-
tion procedure is RA2 [26]. Although RA2 gives an approxi-
mate type 1 error value for each variable, the actual type 1
error rate could be higher than the nominal a value when
the real relationship is linear in the sequential procedure
[25]. RA2 procedure has three steps. First, the effect of X on
the outcome is examined. Accordingly, the best FP2 is tested
against the null model using the chi-square test with four
degrees of freedom. If the test is not significant, the process is
stopped. Thus, X is not effective. Otherwise, the process
continues. Second, whether the relationship between X and
the outcome is non-linear is determined. The best FP2 is
tested against the linear model using the chi-square test with
three degrees of freedom. If the test is not significant, then X
and the outcome have a linear relationship, and the fit model
is the linear model. Otherwise, the process continues. Third,
the best FP model is determined. The best FP2 is tested
against FP1 using the chi-square test with two degrees of
freedom. If the test is not significant, then the best model is
FP1 or FP2 otherwise [26].

Statistical analysis

Liver function analytes are presented as mean values with
standard deviation (SD). Categorical variables are presented
as numbers with percentages. Areference interval is created
by assuming that calculated from a homogeneous popula-
tion. Thus, elimination of outliers can be narrower reference
intervals and the sample can be more homogeneous.

The Tukey method is a more sophisticated and common
method that defined outliers as those points that fall below
Q1-1.5*IQR or above Q3+1.5*IQR, providing a clear, quan-
titative criterion for identifying data points that are
significantly different from the bulk of the data in a set. The
determination of sex partitions was conducted using Harris
and Boyd’s statistical test. This test was employed to assess
whether each group exhibits statistically significant dif-
ferences that justify their classification into distinct cate-
gories. Age-related RIs are calculated following the steps
below:

Step 1: Fit the mean function

If the distribution of the measurements (the variable for
which to establish a reference interval) shows skewness at
different levels of age, the measurements are transformed
logarithmically or using a Box-Cox power transformation.
Post-transformation observations are represented by an FP
model with age as the independent variable as proposed by
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Altman and Chitty [27]. Royston and Wright recommend the
use of FPs for modeling the mean or SD curve if a quartic or
quantic polynomial is required for an adequate fit to the data
[28].

A first-degree FP is raised to the power p, which is
defined as one of the following: {x % x*, x*°, x°, x"°, x!, x%, x°}.
The researcher determines which equation fits best with the
data.

Step 2: Study the residuals from the mean fit

The regression model presented in this study estimates
the average value of the converted data based on the age
variable denoted as mean (age). The residuals of the regres-
sion model are computed. Altman’s model utilizes weighted
polynomial regression to estimate absolute residuals, which
are then multiplied by +/7/2 as a function of age [27].

Step 3: Fit an SD function

The RI for each age within the observed range is
determined by calculating the mean age and adding or
subtracting z times the SD of age. The RI with a 95 % confi-
dence level is determined by the value of z, that is, 1.96. If the
data were first subjected to a transformation in step 1, then
the subsequent step involves back-transforming the findings
to the original scale.

Step 4: Calculate Z-scores

After deriving the regression equations for the mean
and SD from the study group, the z-scores are calculated.
For a given observed value y, the z-score may be deter-
mined using Eq. (1) below. One of the benefits of the z-score
is the ability to compare dependent variables between
groups when the independent variable is continuous (e.g.,
age) [19-23, 25, 26].

_y—mean(age)

SD(age) @

Step 5: Check the goodness-of-fit of the models

The z-score distribution should follow a normal dis-
tribution. If the data do not meet the model assumptions,
then alternative power values for the polynomial model
may be considered. Bootstrap replications were developed
for computation.

Step 6: Calculate the RI

Lastly, the RI at various values of age is calculated
based on the 5th and the 95th percentiles. Statistical analyses
were performed using STATA 13.0 (Trial version) (Stata Corp.
College Station, TX: Stata Press.) and MedCalc software
(Trial version) (MedCalc Software Ltd. Ostend, Belgium).
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Results

After outlier detection, this study included 4,051 and 2,667
patients for ALT and AST results, respectively. Among the
ALT patients, 2,916 (72.0 %) were female, and the mean
age + SD was 35.08 + 15.06 years. For AST, 1846 (69.2 %) were
female, 821 (30.8 %) were male, and the mean age + SD was
34.20 + 14.95 years. The parameters had a non-normal dis-
tribution. Therefore, a logarithmic or a Box-Cox trans-
formation was performed for each parameter. Then, the
values were transformed to normal values. The Harris-Boyd
method was used to check whether gender should be sepa-
rated. The results indicated that ALT and AST measurements
should be separated by gender.

Model selection with FP models

The FP models consist of different models according to the
RA2 model selection procedures. The analysis procedure be-
gins with an FP model of the maximum permitted complexity,
determined by its dimension my. The FP functions with my=2
(FP2) are sufficient for most applications when beginning the
analysis [21]. We studied m(=2 and my=4 to demonstrate the
interpretation of complex model structures.

Table 1 presents the FP models, which start at my=2, for
the AST values of females. First, the null models were
compared with the FP2 models (p=0.001), indicating that age
affects the female AST. Thus, the FP2 model was selected.
Second, the FP2 model was compared with the linear model.
The process was stopped because the result was not signif-
icant (p=0.673). Age had alinear relationship with AST values
in females, and the linear model was selected as a fit model
for calculating RIs. Table 2 summarizes the RIs for AST
values of females for 10 years apart. Supplemental Data
Table S1 presents the RIs for each age.

We found that my=4 (FP4) is the most complex function
only in female ALT values in Table 3. The closed testing
procedure begins by comparing the best fitting. The null
model, linear model, and the best FP1, FP2, and FP3 models

Table 1: FP models comparison for AST values of females.

Model df Deviance Deviance difference p-Value® Powers
Null 0 15,089.260 18.201 0.001

Linear 1 15,072.610 1.543 0.673 1
m=1,FP1 2 15,071.280 0.213 0.899 3
m=2,FP2 4 15,071.060 0.000 - 0505
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Table 2: Reference intervals of AST values of female individuals calcu-
lated by FP models.

Centiles of AST®

Age 0.05 (90 % CI?) 0.95 (90 % CI?)
20 11(11.6-12.1) 24 (23.7-24.7)
30 11 (11.7-12.1) 24 (24.3-25.1)
40 11(11.8-12.2) 25 (24.8-25.6)
50 11(11.8-12.4) 25(25.1-26.3)
60 12 (11.8-12.6) 26 (25.3-27.0)
70 12 (11.7-12.8) 26 (25.6-27.8)
80 12 (11.7-13.0) 26 (25.8-28.6)
90 12 (11.6-13.3) 27 (26.0-29.5)

CI, confidence interval; SD, standard deviation. Bootstrap confidence
interval (5,000 iterations). ®Calculated by FP models: mean
model=16.975+0.025xAge and SD, model=3.522x0.012xAge.

were compared against the more complex reference model
FP4, at a=0.05. First, the null model was compared with the
best FP4 function, and it was significant. Thus, age was
effective (p<0.001) on female ALT values. Then, the FP4
model was compared with the linear model. The test was
significant, indicating that age had a non-linear relationship
with female ALT values (p<0.001). Otherwise, the linear
model would have been selected: compared with the best FP1
model, the FP4 model was selected because the tests were
significant (p<0.001). Otherwise, the FP1 model should have
been selected. A similar conclusion applies to the FP4 vs. the
best FP2 comparison (p=0.006). Finally, FP4 was compared
with the best FP3 model, indicating that FP4 was not signif-
icant (p=0.098). Thus, FP3 was selected as the best-fit model
FP3.

According to the powers of the FP3 model (0, 0.5, 0.5),
Table 4 summarizes the RlIs for female ALT values for 10
years apart. Supplemental Data Table S2 provides the RIs for
each age. Figure 1 illustrates the best-fitting model graphs.

According to the FP analysis results (for my=2), Table 5
presents separately the comparison between the null models
and FP2 models for male ALT and AST values. The tests were
not significant (p=0.679, p=0.507, respectively), and the

Table 3: FP models comparison for ALT values of females.

Model df Deviance Deviance difference p-Value® Powers
Null 0 23,869.310 245.601 <0.001

Linear 1 23,662.350 38.633 <0.001 1
m=1,FP1 2 23,653.200 29.490 <0.001 0.5
m=2,FP2 4 23,638.130 14.421 0.006 22
m=3,FP3 6 23,628.370 4.660 0.098 00.50.5
m=4, FP4 8 23,623.710 0.000 - 2222

df, degrees of freedom and FP, fractional polynomial. *p-Values are
comprising FP2 model, respectively.

df, degrees of freedom and FP, fractional polynomial. ®p-Values are
comprising FP4 model, respectively.
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Table 4: Reference intervals of ALT values of female individuals calcu-
lated by FP models.
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Table 5: FP models comparison for ALT and AST values of male
individuals.

Centiles of ALT” ALT
Age 0.05 (90 % CI?) 0.95(90% CI°) Model df Deviance Deviance difference p-Value® Powers
20 5(6.1-6.7) 21(21.3-23.1)  Null 0 9,543.251 2.320 0.679
30 6 (7.1-7.6) 24 (24.5-26.2) Linear 1 9,541.950 1.019 0.798 1
40 6 (7.7-8.3) 26 (26.4-28.3) m=1,FP1 2 9,541.144 0.214 0.899 -1
50 7(8.1-8.8) 27 (27.7-29.6) m=2,FP2 4 9,540.931 0.000 - 02
60 7 (8.4-9.3) 28 (28.0-31.2)
70 7 (8.5-9.8) 29(27.5-33.0) AST
8 8(8.5-10.3) 30(267-349)  ppoge df Deviance Deviance difference p-Value® Powers
90 8(8.4-10.8) 30 (25.6-36.9)
Null 0 6871416 3.328 0.507
CI, confidence interval; SD, standard deviation. *Bootstrap confidence 'u
. . . b Linear 1 6,868.902 0.814 0.847 1
interval (5,000 iterations). “Calculated by FP models: mean
model=0.144+10.561xLog(Age)-0.183xAge’*-0.183xAge’*xIn (Age) and m=1,FP1 2 6868187 0.099 0952 2
) ' . . m=2,FP2 4 6,868.088 0.000 - -2-2

SD, model=1.561+2.600xLog (Age)+0.016xAge®>+0.016xAge’*xIn (Age).

processes were stopped; the null models were selected.
Therefore, age did not affect the male ALT and AST values.
Therefore, RIs were calculated using traditional methods.
The method is non-parametric because of the non-normality
of values. Regardless of age, the lower and upper limits for
ALT and AST were 8 (7-9) and 33 (32-33) and 12 (12-13) and 27
(27-28), respectively.

Discussion

We evaluated male and female ALT and AST levels to iden-
tify the best-fitting model and thus obtain RIs. Different
methods were used to calculate RIs based on the relationship
between age and liver function values. Female individuals

df, degrees of freedom and FP, fractional polynomial. *p-Values are
comprising FP4 model, respectively.

showed a non-linear relationship between age and ALT
values; thus, FP models were used to calculate RIs for each
age. Alinear model was used for female AST values, whereas
the traditional non-parametric method was used for male
ALT and AST values. Our findings showed variations in
different RI calculation methods.

The reference ranges of 18-year-old females’ AST were
11-24 U/L. As age increases, the lower and upper limits of the
range also increase. For the highest age of 92, the reference
range was 12-27 U/L. Although ages with close gaps have slight
changes, as the age gap increases, the difference widens,
especially for the upper limit. The reference range for male
AST is 12-27 U/L. Thus, men had higher values than women.
For ALT, the reference ranges for women are 5-21 U/L and

A

A&
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Component
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Figure 1: The best fitting model for AST and ALT of female individuals. This information is important for understanding the trends and patterns in AST and
ALT values among females. One of the problems for the non-statistician is understanding the systematic approach used to compute the predicted mean
and standard deviation, components of the Z score equation, which may vary as the independent variable changes over time (e.g., age) [18]. (A) AST
tended to a linear increase in age and (B) ALT tended to a polynomial relation with age.
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8-30U/L for the minimum (18) and maximum (92) ages,
respectively. According to age, the change in the lower and
upper limits of the reference range was greater in ALT than in
AST. For males, the range is 8-33 U/L. These values are within
the accepted reference ranges. Therefore, age and sex-specific
RIs are crucial in clinical practice to reduce the error rate of
the post-analytical process, the correct grading of amino-
transferase elevation, and evaluation of the fold increase or
proportional values of abnormal aminotransferases [1, 3, 7-
18]. By using these intervals, healthcare professionals can
better assess whether a patient’s test results fall within the
expected range for their specific demographic group [9]. This
assessment can aid in the diagnosis and monitoring of various
conditions, such as hormonal imbalances or age-related
changes in organ function [7, 8, 14].

Although the increase in aminotransferases guides the
evaluation of liver diseases, such as chronic hepatitis C,
autoimmune hepatitis, and nonalcoholic steatohepatitis, the
exact limits on this issue are not completely clear [29].
Therefore, this study contributes to the literature signifi-
cantly. Although different approaches are available to
handle age in reference range calculations, researchers have
traditionally divided RIs into age groups based on statistical
significance and physiological relevance. Nevertheless,
discrete RIs are insufficient to represent accurately the
gradual change in analytes, such as ALT and AST, in response
to age. The most common approach is to categorize age
groups. However, to prevent information loss due to
continuous variable categorization, FPs that keep the vari-
able continuous and consider non-linearity have bheen
recently proposed [17-23, 25, 26].

We compared the continuous and discrete RIs for only
ALT and AST values for female because we calculated
continuous RIs for them. We compare the results according to
the Akaike Information Criteria (AIC) and Bayesian Infor-
mation Criteria (BIC) values. Discrete RIs were calculated by
Decision Tree (DT) method. The sub-groups according to the
Decision Tree are used to calculate the reference intervals.
The model with the smallest value for AIC and BIC is the best
model for the data. For ALT female, a 39.5-year cut-off value
was determined for discrete RIs and AIC and BIC values were
4,592.59 and 4,597.59, respectively. We calculated these values
for FP model 4,577.94 and 4,587.94, respectively. According to
the results, continuous RIs were better than discrete RIs. For
AST female, a cut-off value could not be calculated by DT and
this showed that continuous method was more precise.

Our study reveals the importance of calculating using the
FP models and providing results for all ages in making suc-
cessful and accurate interpretations. This type of RI was
referred to as continuous RI. Many continuous RI studies
have been conducted recently, particularly in the pediatric
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population [7, 8, 14, 15], with several methodological studies
conducted on modeling continuous Rls in addition to FP
models [30-33]. Non-parametric models including quantile
regression with smoothing splines, such as natural, restricted
cubic, and B-splines, and semi-parametric models including
lambda, mu, sigma and generalized additive models for loca-
tion, scale, and shape are common methods [7, 8]. The use of
FPs in the construction of RIs has increasingly become popular.
Therefore, we selected FP models as a statistical method in this
study. Chitty and Altman published the first study used in
clinical science regarding size charts for fetal bones (radius,
ulna, humerus, tibia, fibula, femur, and foot) after fitting FPs
[27]. Kurmanavicius et al. used this method to produce ranges
for cephalic index, head circumference, and occipitofrontal
diameter [34]. They also used FPs to estimate the mean
abdominal diameter, circumference, and femur length [35].
Zierk et al. calculated pediatric RIs for 15 biochemical analytes
using FP models [13]. Our study is the first to calculate the
continuous RIs for adults using FP models.

The validity and reliability of the calculated RIs were
assessed using bootstrap resampling techniques, which
allowed for the estimation of confidence intervals and
evaluation of potential sources of bias. The results indicated
that the RIs were robust and stable, with minimal variation
observed across different resampling iterations. Therefore,
the calculated intervals are reliable and can be confidently
used for clinical decision-making. However, the calculation
process may still have inherent limitations and sources of
error, such as measurement errors or variations in the
dataset used. These limitations should be considered when
interpreting and applying the RIs in practice.

The strengths of our study are as follows. First, contin-
uous RIs represent accurately variations in biomarker con-
centrations that occur with aging [7, 8, 13]. Second, our sample
size is sufficient, though continuous RIs may require a larger
sample size or subgroups to ensure statistical power and ac-
curacy than partitioning RIs [7]. It is recommended that lab-
oratories determine their own reference intervals (RIs) and
regularly validate them. However, determining the RIS
through traditional methods requires resources. For this
reason, many laboratories use the reference intervals (RIs)
recommended by manufacturers, but the values provided
often do not align with population values [36, 37]. For this
reason, considering the challenges in traditional RI calcula-
tions, the practicality of RI calculations made using hospital
data is higher. In this study, the existing AST and ALT refer-
ence intervals used were calculated for each age, whereas this
study provided more precise reference interval values based
on age and sex variables.

Demographic variables such as age and sex require the
calculation of reference ranges for the population as specific
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as possible, reflecting the diversity among individuals. The
traditional popRI model, in which population data is sorted
from the lowest to the highest value to define RI, does not fully
account for the natural biological variation of the measured
entity [38]. However, it is emphasized that the genetic effects
on RIs need to be investigated in more detail and that
genotype-specific RIs should be produced [39]. Based on this
information, we believe that the data obtained in this study
will contribute to the ongoing transition towards individual
reference ranges in clinical applications.

However, several limitations should be acknowledged.
First, continuous RIs are not supported by laboratory infor-
mation systems for clinical laboratory reporting due to
mathematical functions. Furthermore, to guarantee accurate
interpretation and use in clinical practice, the introduction of
new RIs may require healthcare professionals complete
training or education. Second, the process recommended by
CLSI for determining reference intervals (RIs) is a direct
method that involves the prior selection of the reference
population [2]. However, due to the challenges encountered in
the pre-analytical and analytical processes of this procedure,
it is extremely difficult to carry it out properly. At the same
time, it is time-consuming and also costly. For this reason, an
indirect method is used that leverages routine laboratory data
stored in the laboratory information system (LIS) to derive RIS
[40, 41]. Therefore, the study was conducted in a single
geographic region, which may limit the generalizability of the
findings to other populations but the aim of this research is to
investigate the applicability of fractional polynomial (FP)
regression models as an alternative method for determining
the reference range. Addressing these limitations and
exploring potential sources of bias can enhance the validity
and applicability of the research findings.

The study findings have important implications for clinical
practice. By using age and sex-specific RIs, healthcare providers
can make accurate diagnoses and treatment decisions, leading
to improved patient outcomes. These RIs can also aid in the
early detection of diseases or abnormalities, allowing for timely
intervention and prevention of complications. Compared with
discrete RIs, continuous RIs are more accurate [8]. Future
research could explore the application of FP models in different
populations, such as pediatric and geriatric patients, to deter-
mine whether the method performs equally well across
different age groups. Additionally, incorporating additional
covariates, such as BMI or medical history, into the regression
analysis may further improve the accuracy of the RIs.
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