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Abstract

Background: Population-based reference intervals have 
very limited value for the interpretation of laboratory 
results when analytes display high biological individual-
ity. In these cases, the longitudinal evaluation of indivi-
dual results using the reference change value (RCV) is the 
recommended approach. However, the traditional model 
for RCV calculation requires a Gaussian frequency distri-
bution of data and risks to overestimate the parameter if 
a correlation between within-subject serial measurements 
is present.
Methods: We propose and validate an alternative non-
parametric statistical model for interpretation of differ-
ences in serial results from an individual, overcoming 
data distribution and correlation issues.
Results: After describing the traditional and newly pro-
posed statistical models, we compared them with each 
other using a simulation on three specific analytes dis-
playing different concentration distributions in biological 
setting. We demonstrated that when analyte concentra-
tions followed a Gaussian frequency distribution, as in the 
case of glycated hemoglobin, both methods can be used 
equally. On the contrary, if analyte concentrations present 
a bimodal (e.g., chromogranin A) or skewed (e.g., C-reac-
tive protein) distribution, the information obtained by two 
statistical methods is different.

Conclusions: The proposed statistical approach may be 
more appropriate in assessing difference between serial 
measurements when individual data are not normally 
distributed.

Keywords: biological variability; laboratory tests; refer-
ence change value.

Introduction
The most common approach used to interpret individual 
laboratory results is the comparison with population-
based reference intervals (RI) [1]. However, this method 
suffers from important limitations, potentially mislead-
ing the test interpretation by physicians and laboratory 
professionals. In this regard, the index of individuality 
(II) yields objective information about the utility of con-
ventional RI. It derives from biological variation (BV) 
of the analyte and is expressed as the ratio between 
average within-subject total variance (SDS

2) and between-
subject biological variance (SDG

2) [2]. When the ratio 
between these two sources of variance is  < 0.6, RI are of 
very limited value in the detection of unusual results 
for a particular individual. Conversely, when II is  > 1.4, 
the individual result can be usefully compared with the 
corresponding RI [3]. Unfortunately, it has been demon-
strated that for most analytes assayed in laboratory medi-
cine, the within-subject biological variation (CVI) is much 
smaller than between-subject biological variation (CVG) 
[1]. In this situation, individuals may have highly unusual 
results, but this information can be ignored by clinicians 
as it still lies within the RI [4]. On the other hand, in 
some individuals results can change from inside the RI to 
outside (and vice versa) without any clinical significance: 
laboratories would conventionally flag the results outside 
the reference limits, potentially initiating some unneces-
sary follow-up activity [5].

When analytes display high biological individual-
ity (i.e., low II), the recommended way to interpret their 
results is to use the reference change value (RCV), derived 
from BV data (in addition to the analytical variation 
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of measurements), particularly from CVI [6]. The RCV 
concept was first introduced by Harris and Yasaka to iden-
tify the change needed between two serial results from 
the same individual to be statistically significantly dif-
ferent [7]. It has been increasingly popular in laboratory 
medicine and currently there is a general agreement in 
considering RCV as the best tool for monitoring, but also 
for making diagnosis when the RI approach is inadequate 
[8]. RCV has also been applied to set objective criteria for 
use in Δ-checking quality control techniques and in auto-
verification and auto-validation strategies [9].

The estimation of RCV has sparked wide debate and 
discussion regarding the statistical approach that should 
be applied. Indeed, the Fraser’s traditional approach 
assumes a normal frequency distribution of data and 
derives the RCV from the estimation of intra-individual 
variability as CVI [3]. By definition, the CV concept refers 
to parametric statistics resulting from the ratio between 
SD and mean of data distribution. However, in biology 
a Gaussian frequency distribution of data occurs for a 
limited number of quantities. As Franzini already pointed 
out 15 years ago [10], if the CV exceeds 33.3% then either 
the variable can assume negative values (but this is not 
the case for laboratory results) or the distribution is not 
normal. In the latter case, mean and SD are no longer 
appropriate parameters to describe the distribution. When 
a not normal data distribution is present, a log-normal 
approach is often recommended [11], but this approach 
does not always solve the distribution problems and/or 
work appropriately. We recently discussed the difficulty 
of deriving RCV when the biologic behavior of markers 
does not meet assumptions needed to apply statistical 
parametric models recommended to investigate the differ-
ent sources of variability [12]. In the example of C-reactive 
protein (CRP), the symmetric distribution of individual 
data is seldom achieved, even after logarithmic transfor-
mation of data, and this could prevent the estimate of 
variability coefficients [13].

Although generally neglected, an additional relevant 
issue is the correlation between within-subject serial 
measurements, likely causing an overestimation of intra-
individual variability [14]. To avoid biased estimations, 
this correlation necessitates a statistical analysis that 
appropriately accounts for the dependency among meas-
urements within the same experimental unit, resulting in 
a more accurate and powerful statistical evaluation [15]. 
Furthermore, the adequacy of sample size is an issue that 
should be tackled both considering the number of indivi-
duals to recruit and the number of serial measurements 
per subject to perform. A high sample size should assure 
more precise estimate of intra-individual variability, but a 

low number of serial measurements might imply biased 
estimates [16]. The application of Boostrap methods might 
reasonably aid in increasing precision and accuracy of 
estimates.

In this study, we propose and preliminarily validate a 
statistical model alternative to the already employed RCV 
approaches to assess the significance of difference between 
serial measurements in an individual. We describe the tra-
ditional and new statistical models and compare them 
with each other in a simulation using experimental data 
from three different analytes [glycated hemoglobin (HbA1c), 
serum chromogranin A (CgA) and serum CRP].

Materials and methods

Traditional parametric statistical model

Differences in serial test results from an individual may be due to 
clinical improvement or deterioration, but also to three inherent 
sources of variation, namely, pre-analytical (CVP), analytical (CVA) 
and CVI. In principle, the difference between two serial results from 
an individual becomes clinically significant if it is greater than the 
sum of these three sources of variance. Particularly, the minimal 
significant change between two consecutive determinations is cal-
culated as: RCV = 21/2 × Z × (CVP

2+CVA
2+CVI

2)1/2, where 21/2 is due to the 
variation of each of the two measurements with the same CVI and 
Z is the number of SD appropriate to the desired probability of the 
Gaussian distribution (e.g., 1.96 for p < 0.05 and 2.58 for p < 0.01) [5]. 
When preparation of the individual for sample drawing and sample 
collection, handling and storage prior to analysis are optimized, as 
they should be by good training of staff and adherence to standard 
operating procedures, CVP becomes minimal and the above formula 
reduces to: RCV = 21/2 × Z × (CVA

2+CVI
2)1/2 [17]. It seems relevant to recog-

nize that the above reported Z-score values are two-sided and should 
only be used when both a rise and fall are being considered together 
as a change [18]. If the real clinical requirement is just the evaluation 
of an increase or decline of test results, then one-sided Z-scores must 
be used: these are 1.65 for p < 0.05 and 2.33 for p < 0.01 [4].

New non-parametric statistical model

Let yi(tj) be the measure of an analyte in subject i = 1, …, I at time tj, 
j = 1,…, J. For every subject we compute J–1 differences of analyte 
measurements along time, i.e., dij = yi(tj+1)–yi(tj). The usual sample 
variance estimator is an unbiased estimator of the measurement dif-
ferences variance, we obtain an estimate for each intra-individual 
variance,

12 2
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A rule based on the interquartile range is performed for outlier 
identification [19]. After discarding the outliers, generally due to sub-
jects with too high intra-measurements variability, we compute δ2

1-α
, 

i.e., the empirical quantile of order (1–α) of this distribution [19]. In 
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the following, we set α = 0.05 and the threshold value we consider is 
2

0.95 0.95 .δ δ=
Let us observe that if: 1) the variance of the first n differences 

is less or equal to δ2
1-α

; and 2) the difference between the following 
measure of the analyte and the current one is close to the mean differ-
ence at most δ0.95 then we can prove that the variability of the meas-
ured differences is again less or equal to δ2

1-α
.

Assume that |dn+1–d ̅| < δ(1-α), then Var(d1,…dn+1)  < δ2
1-α

. In fact:
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Let us observe that the threshold value is an empirical quantile 
and then it is data and analyte dependent.

Model application

We selected three analytes with different behavior in the distribution 
of individual data obtained during BV studies and for each of them 
we applied the two statistical models to derive the first result being 
significantly lower/upper (P2) when compared with baseline value 
(P1). In particular, experimental data for HbA1c and CgA were derived 
from previous BV studies published by our group [20, 21], whereas 
CRP data were from an unpublished study employing the same sam-
ples collected for the CgA study. Detailed information on the method-
ology and employed protocols is available in the quoted references. 
CRP was measured on the Cobas 6000 platform using high sensitive 
latex immunoturbidimetric assay (Roche Diagnostics), with a limit of 
detection (LoD) of 0.15 mg/L.

We have simulated the practical use of the two statistical models 
at three different concentrations for each analyte (around the main 
diagnostic cut-off and at other concentrations relevant for clinical 
decision making). For convenience, the traditional parametric model 
and the proposed non-parametric one were called Method 1 and 
Method 2, respectively. In order to derive P2 we set up the following 
calculations:

Method 1: P2 = P1 ± P1*RCV/100,
Method 2: P2 = P1+(Pm ± 2 δ0.95), where Pm is the mean of differences 

between all samples in all subjects.
In addition, to effectively compare results obtained by the two 

Methods in a well defined and controlled ideal scenario, we per-
formed a further simulation study by considering an hypothetic ana-
lyte measured in 30 subjects at time tj = j, for j = 1, 2,.., 8. We generated 
a random sequence of 30 numbers with a normal distribution (μ = 50; 
σ = 1). Each number represents the mean of normal distribution of 
each of the eight serial measurements performed in each subject 
(matrix 30 × 8). We considered that the variance [1+0.5*(j–1)] could 
increase from t1 to t8. The simulation was performed M = 1000 times. 
In this scenario, σ obtained with Method 1 should be comparable 
with that obtained by Method 2 (even with increasing variances).

Results
Figure 1 shows the distribution of HbA1c, CgA and CRP 
values of all samples in recruited individuals. Table 1 

shows the results of P2 by the two statistical models for the 
three analytes studied at different selected concentrations.

Example 1: HbA1c

In 2011, we published a revaluation of BV components of 
HbA1c [20]. By recovering data from this study, we evalu-
ated the frequency distribution of HbA1c values character-
izing the subject population (Figure 1A). In Figure 2A we 
have reported for each subject (n = 18) the concentration of 
HbA1c of each serial sample (n = 5). No observations were 
removed as statistical outliers. In particular, we character-
ized three groups of subjects with mean HbA1c concentra-
tions around 34, 36 and 38 mmol/mol, but no difference 
in intra-individual variability at visual inspection. After 
checking the normality of frequency distribution by 
Shapiro-Wilk test, we assumed HbA1c as example of an 
analyte normally distributed (p = 0.76) among the sample 
population and compared the behaviour of Method 1 and 
Method 2 under this condition.

The RCV to apply Method 1 was that derived in the 
original study, i.e., 9.5% [20]. To apply Method 2, we 
firstly derived δ0.95 and Pm, obtaining 1.76 and 0.11 mmol/
mol, respectively. To better clarify the variability of the 
differences between serial samples, the density distri-
bution and box plot of differences variance are shown 
(Figure 2B and C).

The P1 concentrations considered for the simulation 
were 37, 50 and 70 mmol/mol. At all of those concentra-
tions, the P2 results obtained by Method 1 and Method 2 
overlapped (Table 1). As a result, if the analyte concentra-
tions in individuals follow a Gaussian frequency distribu-
tion, as in the case of HbA1c, both evaluated methods can 
be used equally for deriving P2.

Example 2: CgA

More recently, we derived BV data for CgA [21]. In this case, 
even when one within-subject variance was removed as 
outlier (Cochran’s statistical test), the frequency dis-
tribution of obtained CgA values was not normal and 
further difficult to transform in Gaussian being bimodal 
(Figure 1B). The profile of each subject (n = 21), the density 
distribution and box plot of variability of the differences 
between serial samples are shown in Figure 3. The RCV 
to be used in Method 1 was 46% [21]. For Method 2, we 
obtained a δ0.95 of 11.34 μg/L and a Pm of 1.2 μg/L, respec-
tively. Interestingly, while P2 values obtained by two sta-
tistical methods resulted quite similar at P1 of 50 μg/L 
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Figure 1 Distributions of glycated hemoglobin (HbA1c), chromogranin A (CgA) and C-reactive protein (CRP) values of all samples from 
recruited individuals.
For each analyte, a frequency distribution (left) and a box-and-whisker plot (right) were shown. In the box-and-whisker plot, the central box 
represents the values from the lower to upper quartile (25th–75th percentile). The middle line represents the median. The horizontal line 
extends from the minimum to the maximum value, excluding ‘outside’ and ‘far out’ values, which are displayed as separate points.

(corresponding approx. to the average concentration of a 
reference population [22]), for P1 concentrations around 
the upper reference limit (90 μg/L) or frankly abnormal 
(200 μg/L) the P2 estimate significantly differed, indicat-
ing a higher sensitivity of the Method 2 for detecting sig-
nificant changes in CgA values (Table 1).

Example 3: CRP

It is well known that the biologic behavior of CRP does not 
meet assumptions needed to apply statistical parametric 
models [12, 13]. Furthermore, for CRP the symmetric dis-
tribution of individual data is seldom achieved even after 
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Figure 2 Biological profile of each individual (A), density distribution (B) and box plot (C) of variability of the differences among serial 
blood samples for glycated hemoglobin (HbA1c).
Numerical data taken from Braga et al. [20].

Table 1 First result (P2) being significantly lower/upper when 
compared with baseline result (P1) obtained by the traditional 
parametric statistical model (Method 1) and the new non-parametric 
statistical model (Method 2) for glycated hemoglobin (HbA1c), 
chromogranin A (CgA) and C-reactive protein (CRP) at three different 
concentrations.

Analyte P1 P2

Method 1 Method 2

HbA1c, mmol/mol 37 34/41 34/41
50 45/55 47/54
70 63/77 67/74

CgA, μg/L 50 27/73 29/74
90 49/131 69/114

200 108/292 179/224
CRP, mg/L 3.0 –2.2/8.2 0.5/5.7

10.0 –7.4/27.4 7.5/12.7
20.0 –14.8/54.8 17.5/22.7

their logarithmic transformation and this may imply an 
incorrect estimate of variability coefficients due to the 
persistent non-normal data distribution [13]. Our study 
involved collection of 110 serum specimens (five from 
each of 22 apparently healthy volunteers), each assayed 

in duplicate. One case was eliminated as three CRP values 
out of five were  < LoD. Furthermore, one within-subject 
variance was detected by Cochran’s test as statistical 
outlier and corresponding data removed. After removing 
the outlier subject, the Cochran’s test was repeated and 
no further within-subject variance was found as outlier 
(Cochran’s test value, 0.265; p > 0.01).

Figure 1C shows the distributions of CRP values of 
all remaining specimens. The profile of each subject 
(n = 20), the density distribution and box plot of vari-
ability of the differences between serial samples are 
displayed in Figure  4. Visual inspection clearly shows 
huge differences in intra-individual variability of CRP. 
The Shapiro-Wilk test failed to accept the hypothesis of 
normality for the distribution of 25% of intra-individual 
CRP values even after their logarithmic transformation. 
Consequently, we assumed CRP as example of an analyte 
not normally distributed among the sample population 
and compared the behaviour of Method 1 and Method 2 
under this condition.

The RCV obtained by Method 1 was 174%. By apply-
ing the Method 2, we obtained a δ0.95 of 1.30 mg/L and a 
Pm of 0.06 mg/L, respectively. The three CRP concentra-
tions considered for simulation were 3, 10 and 20 mg/L 
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(Table  1). As expected, P2 values derived from Method 1 
were unreliable and likely to be clinically impractical.

Data simulation study

According to the data simulation study, we obtained a σ 
of 0.49 and 0.66 for Method 1 and Method 2, respectively. 
Since the estimated σ are not statistically different in a 
context of normal distribution and increasing variance, 
we are rather confident on the statistical robustness of 
Method 2 with respect to the Method 1.

Discussion
For most analytes CVI is much smaller than CVG, hinder-
ing the RI use for the result interpretation. In these cases, 
RCV is considered the best tool for interpreting laboratory 
tests. Arguments supporting the use of RCV are: 1) clini-
cians need to objectively differentiate pathophysiologic 
changes in test results from analytical/BV; 2) RCV infor-
mation is available for ∼300 analytes; and 3) RCV is also 
valuable for clinical validation of laboratory results [23]. 
The traditional approach to derive RCV requires, however, 
a number of assumptions including: 1) the random vari-
ation follows a Gaussian distribution; 2) pre-analytical 
variation is negligible; 3) analytical variation is constant 
and independent of the analyte concentration; and 4) BV 
is constant and independent of other biological charac-
teristics, e.g., age, fertility status, etc. [24]. These assump-
tions are not always met, especially that about the normal 
distribution of data. Indeed, many analytes of current 
interest in laboratory medicine appear to have a variation 
in their concentrations over time in individuals that is 
not normally distributed. The simple log-transformation, 
although it may be sometimes appropriate to solve prob-
lems related to a non-Gaussian distribution of values, may 
create confusion in interpreting the obtained RCV as, for 
individual patient care, the use of transformed results is 
impractical [13].

Fokkema et al. [11], demonstrating that the distribu-
tions of brain natriuretic peptide values in healthy indi-
viduals are log-normal rather than normal, adopted a 
rather different approach to calculate RCV. Although this 
has been used by other investigators to estimate RCV in 
the setting of not normally distributed data [25], it is not 
always applicable for a number of drawbacks. First, the 
log-transformation tends to contain the variability, with 
the risk of underestimating it. Furthermore, not always 
this approach solves the distribution problems and/

or works. For instance, for CRP the symmetric distribu-
tion of individual data is seldom achieved, even after 
logarithmic transformation. More recently, deGoma et al. 
have employed an alternative model for calculating RCV 
in the case of CRP [26]. Although their methodological 
approach is interesting in trying to overcome limitation 
of parametric protocols, some important pitfalls about, 
among others, sample analysis, assessment of analyti-
cal variability, study duration and sampling frequency 
have been highlighted [12]. With regard to the statistical 
analysis of data, these authors applied a linear mixed 
effects model for longitudinal data, previously adopted by 
Glynn et al. in the study of intra-class correlation coeffi-
cient (ICC) of CRP [27]. Once again, the log-transformation 
of CRP results, which is instrumental to employ the ICC 
estimate, may not assure the normalization of the distri-
bution. Moreover, when the number of observations for 
each subject is very low and when the variability within 
individuals looks very different, suggesting the existence 
of two or more subpopulations, the usual hypotheses of 
linear and non-linear mixed effects models are question-
able and in general not satisfied.

In this study, we proposed a new non-parametric sta-
tistical model for interpretation of differences in serial 
test results from an individual. In addition to the distri-
bution problem, our approach also overcomes the cor-
relation between within-subject serial measurements, 
which may cause an overestimation of intra-individual 
variability, allowing for the first time to establish reliable 
interpretative criteria for assessment of results of bio-
logically complex analytes, such as CRP, and potentially 
contributing to set aside previously raised perplexities 
about their clinical utility [28]. In particular, we validated 
this new statistical model by comparing it with the tra-
ditional parametric one in three settings using analytes 
displaying different data distributions. When analyte 
concentrations in individuals clearly followed a Gauss-
ian distribution, as in the case of HbA1c, the two statisti-
cal approaches were interchangeable. On the contrary, if 
the analyte presented a bimodal (as CgA) or skewed (as 
CRP) distribution, the interpretation obtained by the two 
models was different. In these cases, our approach based 
on non-parametric statistics seems to be more suitable in 
assessing if the last laboratory result is significantly dif-
ferent from the former.

The weakness of the approach is that the CVA is not 
separately considered in the calculations. Thus, the pre-
sented data can be generalized only to those laboratories 
working with similar analytical imprecision. Furthermore, 
a validation of the new proposed model in specific clinical 
contexts is required before its final application.
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