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A B S T R A C T   

Background and aims: In laboratory medicine, test results are generally interpreted with 95% reference intervals 
but correlations between laboratory tests are usually ignored. We aimed to use hospital big data to optimize and 
personalize laboratory data interpretation, focusing on platelet count. 
Material and methods: Laboratory tests were extracted from the hospital database and exploited by an algorithmic 
stepwise procedure. For any given laboratory test Y, an “optimized and personalized reference population” was 
defined by keeping only patients whose laboratory values for all Y-correlated tests fell within their own usual 
reference intervals, and by partitioning groups by individual-specific variables like sex and age category. The 
method was applied to platelet count. 
Results: Laboratory data were recorded for 28,082 individuals. At the end of the algorithmic process, seven 
correlated laboratory tests were chosen, resulting in a reference sample of 159 platelet counts. A new 95 % 
reference interval was constructed [152–334 × 109/L], notably reduced (27.2 %) compared to conventional 
reference values [150–400 × 109/L]. The reference interval was validated on a sample of 2,129 patients from 
another downtown laboratory, emphasizing the potential transference of the hospital-derived reference limits. 
Conclusion: This method offers new perspectives in laboratory data interpretation, especially in patient screening 
and longitudinal follow-up.   

1. Introduction 

Laboratory medicine has long played a determinant role in the 
diagnosis, treatment, and surveillance of hospitalized patients. Daily, 
millions of laboratory tests are performed worldwide and need to be 

interpreted for clinical decision-making. The most popular way to do 
this is still the use of reference intervals, a concept developed almost 75 
years ago. For most biological parameters, reference intervals were 
determined by considering a reference population of presumably 
healthy individuals and including 95 % of their values. For Gaussian 
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distributions, the lower and upper limits are obtained by calculating the 
mean ± 2 standard deviations of a sample of at least 120 healthy sub
jects. For skewed distributions that cannot be normalized, the lower and 
upper limits are defined by the 2.5th and 97.5th percentiles, respec
tively. Then, any test result outside the reference limits is considered 
“pathological or abnormal”, and “normal” otherwise [1,2]. Subse
quently, 95 % reference intervals were stratified by sex, age class, 
ethnicity [3–8], blood group [9] or given some genetic information [10]. 
Some authors even proposed individual reference intervals based on 
data accumulated over time in healthy subjects, for example in people 
undergoing systematic biological check-ups [11]. 

The closeness of the reference population to a perfectly healthy 
population depends on the inclusion and exclusion criteria used to 
define it and to reduce between-subjects variability [12]. Basically, the 
concept of a healthy population is purely hypothetical because some 
unsuspected clinical or laboratory features cannot be fully excluded, 
even when people are apparently healthy and free of any serious con
dition [13–16]. It is also known that biological parameters are often 
correlated, so that defining a reference interval without accounting for 
these correlations may not be optimal [17]. Thus, including the bio
logical variations of all correlated parameters, or at least as many as 
possible, in the selection of reference individuals may lead to a novel 
vision of the reference population concept [17,18]. 

Hospital laboratories generate daily vast quantities of test results 
stored in data warehouses which may be exploited to refine laboratory 
tests interpretation. There have been attempts in the past to develop 
reference intervals from patient data but without real success [19]. 
Nonetheless there is a potential in hospital laboratory data because they 
come from diseased patients as well as from healthy individuals. 
Therefore, not all results are abnormal. Complex statistical algorithms 
are now available to discard data from non-healthy individuals [14]. 
They can also identify biological parameters associated to the one under 
study and keeping only those individuals for whom all biological pa
rameters results are normal with respect to their usual reference in
tervals [18]. The present research work purposed to determine refined 
reference populations and corresponding 95 % reference intervals from 
hospital big data in the context of precision and personalized medicine. 
The method is illustrated for platelet count. 

2. Materials and methods 

2.1. Patient databases 

This study was based on retrospective data from a hospital laboratory 
(Liege University Hospital) and a downtown laboratory (Montpellier, 
France). This included 28,356 distinct patients aged ≥ 18 years and 
hospitalized between 2005 and 2019 in the University Hospital (Liege, 
Belgium), yielding a total of 1,692,564 laboratory test results. The pa
tient mean age was 56.1 ± 16.9 years (range 18–98 years), and there 
were 47.4 % of males and 52.6 % of females. For each subject, the 
laboratory report comprised at least red blood cell (RBC) count, hemo
globin, hematocrit, mean corpuscular volume (MCV), mean corpuscular 
hemoglobin (MHC), mean corpuscular hemoglobin concentration 
(MCHC), platelet count, white blood cell (WBC) count (total leucocytes, 
lymphocytes, monocytes, neutrophils, eosinophils, and basophils). This 
constituted the hospital training dataset. The validation dataset was 
drawn from a downtown laboratory database (Montpellier, France), 
including all subjects aged ≥ 18 years which were tested between 
October 2016 and December 2019. It consisted of 996,975 distinct in
dividuals (42.2 % of males and 57.8 % of females) with a mean age of 
54.5 ± 19.9 years (range 18–110 years) and 37,677,310 test results. As 
for the training dataset, the laboratory report of each patient included at 
least the same hematological parameters listed above. The sex consid
ered in this study is that known by the clinical laboratories (Liège Uni
versity Hospital laboratory and Montpellier downtown laboratory) in its 
own informatic system. 

We focused our study on platelets, lymphocytes, alpha-1 globulins, 
gamma globulins, blood glucose, calcium, CRP, and 25-hydroxyvitamin 
D. In Liege University Hospital laboratory, hemograms were performed 
on 3.0 mL EDTA tubes and analyzed using ADVIA 120 and 2120 
(Siemens, Erlangen, Germany) and XE Analyzer (Sysmex, Kobe, Japan). 
Protein electrophoresis was carried out on 3.5 mL serum (dry tube) and 
analyzed using capillary electrophoresis by V8 Nexus CE (HELENA 
Laboratories, Beaumont, U.S.A) from 2005 to 2011 and CAPILLARYS 3 
(Sebia, Lisses, France) from 2011 to 2019. Fraction measurements, 
initially recorded in percentages, were converted to g/L by multiplying 
with the total serum protein concentration. Glycemia data, collected 
from both fasting and non-fasting patients, were obtained from either 
5.0 mL fluoride or 5.0 mL heparin tubes. Analysis was performed using 
COBAS Integra 400 plus and Modular analyzer from 2005 to 2012, and 
COBAS 8000 and COBAS 6000 analyzer from 2012 to 2019 (Roche di
agnostics, Bâle, Suisse). Calcium levels were measured in serum (dry 
tube) or 5 mL heparinized tubes using the Arsenazo III method by the 
same systems. The C Reactive Protein (non-ultrasensitive assay) was 
quantified in serum (dry tube) using the same systems through immu
noturbidimetry. 25-hydroxyvitamin D levels in serum (dry tube) were 
determined using a competitive chemiluminescence immunoassay 
(CLIA) by LIAISON XL (Diasorin, Saluggia, Italy). Graphically, no dif
ference was observed in the values of the studied biological parameters 
over the years, except for calcium, which exhibited a change in 2012. 
The difference between values before and after 2012 (92.82 and 94.85 
mg/L respectively, 2.07 mg/L in difference) was lower than the within- 
subject coefficient of variation (CVi) of calcium (18.10 mg/L) deter
mined in the European Biological Variation Study (EuBIVAS) in 2018 on 
91 healthy European volunteers [20]. 

In the downtown laboratory, hemograms were performed on 3.0 mL 
EDTA tubes and analyzed using DxH 900 with CellaVision DM9600 
(Beckman Coulter Inc., Brea, USA). Protein electrophoresis was carried 
out on 3.5 mL serum (dry tube) and analyzed using capillary electro
phoresis CAPILLARYS 3 TERA (Sebia, Lisses, France). Fraction mea
surements, initially recorded in percentages, were converted to g/L by 
multiplying with the total serum protein concentration. Glycemia data, 
collected from both fasting and non-fasting patients, were obtained from 
either 5.0 mL fluoride or 5.0 mL heparin tubes. Calcium was collected in 
serum (dry tube). Both glycemia and calcium were measured by spec
trophotometric method. Finally, C Reactive Protein (non-ultrasensitive 
assay) was quantified in serum (dry tube) by immunoturbidimetry 
method. Glycemia, calcium and CRP were analyzed by COBAS 8000 
analyzer (Roche diagnostics, Bâle, Suisse). 

2.2. Statistical methodology 

2.2.1. The definition of optimized and personalized reference population 
Hereafter, let Y denote the laboratory test for which an optimized 

and personalized 95 % reference interval will be determined. Further, 
let X denote another laboratory test or subject-specific characteristic 
(sex, age for example) consisting of several categories, say C1, …, Cm. For 
sex, m = 2 but for age there may be more categories. For a quantitative 
laboratory test, X will be split into m = 3 categories depending on 
whether the result falls below (C1), within (C2) or above (C3) the 95 % 
reference interval used in the laboratory. In general, there will be a 
whole series of covariates (biological parameter and subject-specific 
characteristics) distinct from Y. The basic idea of deriving an opti
mized and personalized reference population for Y can be stated as 
follows. From a collection of N individuals with n covariates X (bio
logical parameters and/or subject-specific characteristics), the reference 
individuals retained will be those for whom all Y-correlated laboratory 
parameters values fall within their corresponding 95 % reference in
tervals (C2). If an individual undergoes multiple compliant test panels on 
different dates, only one reference value per individual is selected, with 
preference given to the test panel with the fewest tests performed on the 
same date. The hypothesis is that healthy individuals have fewer tests 
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prescribed than others. 
Then, these individuals will be further partitioned by subject-specific 

characteristics categories. Ultimately, there will be N* (≤N) such 
“reference” individuals for any subgroup and a 95 % reference interval 
can then be determined in the classical way (parametric/nonparametric) 
for optimized and personalized interpretation of Y. The benefit of this 
approach can be assessed by the Relative Dispersion Index (RDI) defined 
as the ratio of L (the width of the laboratory reference interval) and L* 
(the width of the optimized and personalized reference interval), spe
cifically RDI = L/L*. Thus, the new 95 % reference interval for Y will be 
optimized if RDI > 1. 

2.2.2. Algorithmic process 
An algorithmic stepwise iterative process was developed to find all 

covariates X related to Y and determine optimized and personalized 
reference populations. 

2.2.2.1. Step 1. The first step consists in finding all subject-specific 
characteristics and biological parameters X which are individually 
significantly associated with Y. This can be done by one-way ANOVA or 
equivalently by selecting a “reference category” (say C1) and applying a 
multiple regression analysis of Y on the other categories C2, …, Cm of X. 
Note that the quality of the association assessed by R2, the coefficient of 
determination, is independent of the choice of the reference category; 
moreover, the closer R2 to 1, the stronger the association. A covariate X 
will be selected and declared significantly related to Y if the overall p- 
value of the ANOVA is less than 5 % (p < 0.05) or if any category of X 
leads to a significant p-value. In general, there will be many X selected in 
the first step, which we denote X = X1, each yielding a potential model of 
the form Y = f(X1). Let M1 be the set of such models, on which the 
reference individual selection process described above is applied, 
allowing to create optimized reference populations with individuals in 
category C2 for X1. Only the 50 models with the largest R2 values and the 
50 models with the greatest RDI will be retained. Let M1’ the subset of 
these 100 models. 

2.2.2.2. Step 2. For each model in M1′ (selected in step 1), a two-way 
ANOVA will be applied to find any biological parameters and subject- 
specific characteristics X , different from X1, which combined to X1 is 
significantly associated with Y. This is like applying a multiple regres
sion analysis of Y on any two variables X1 and X , where X1 is the variable 
selected in step 1. Here again the quality of the regression of Y on the 
two variables can be assessed by R2, the global p-value and the p-value 
of all categories of the two variables. This leads anew to a large set of 
models in the form Y = f(X1, X2), denoted by M2. As before, models in M2 
allows to create optimized reference populations with individuals in 
category C2 for X1 and X2. As in step 1, M2′ is composed of the 50 models 
of M2 with the largest R2 values and the 50 models of M2 with the 
greatest RDI scores. 

2.2.2.3. Following steps and stopping criterion. The procedure described 
in step 2 is pursued by applying multiway ANOVA in step 3 with 3 
variables included. For each model in M2′, each covariate X (not already 
in the model) is tested. Again, a set of models M3 in the form Y = f(X1, X2, 
X3) is obtained, and can be reduced to M3′. The process continues with 4, 
5, …, n variables X , until no improvement can be added to the last 
variable tested. We set a maximum at n = 10. Note that multiway 
ANOVA decomposes the total variability of Y into the variability 
explained by each covariates X and the residual variability. In the end of 
the process, we can consider the set of all models M = M1 ∪ M2 ∪…∪ Mn. 
A flowchart of the statistical method is provided (see Supplementary 
Material). 

2.3. Validation and transference 

To validate this approach, a bootstrap validation was carried out to 
validate the transference of the hospital-derived reference intervals to 
the validation dataset. The models were applied to the validation 
dataset: the reference individuals selected (from the validation dataset) 
were those for which all the values of the laboratory parameters corre
lated to Y (according to the model tested) fell within their corresponding 
95 % reference intervals, called validation reference individuals. In each 
1000 bootstrap of 120 individuals out of the total, the rate of validation 
reference individuals excluded by the hospital-derived reference inter
val was calculated. According to the validation test proposed in the 2010 
EP28 A3C guideline by the Clinical & Laboratory Standards Institute 
(CLSI) [1], the transference was validated if no more than 10 % of the 
test individuals was excluded by the new reference interval under study. 

This work has been drawn up in compliance with the Recommen
dations for the Conduct, Reporting, Editing, and Publication of Scholarly 
Work in Medical Journals (ICMJE) [21] and with The Code of Ethics of 
the World Medical Association (Declaration of Helsinki). This article was 
written in compliance with the STROBE Statements for observational 
studies [22], and SAGER guidelines for Sex and Gender Equity in 
Research [23]. 

3. Results 

The above-described procedure was applied to more than 100 bio
logical parameters and for each of them hundreds of models were 
developed and were potential candidates for defining optimized and 
personalized reference intervals to enhance daily laboratory data 
interpretation. As an illustration, the procedure will be described for 
platelet count. 

3.1. Optimized reference intervals 

Based on the 28,356 patients of the hospital database, the application 
of the algorithmic procedure yielded 32,927 potential models for 
platelet count and 385,367 reference populations were determined, of 
which 93,117 with N*>120 and 19,342 with N*>120 and RDI > 1. 
Among these, the one with the greatest RDI score (RDI = 1.37) evi
denced 7 biological parameters jointly correlated with platelet count: 
α1-globulins [95 % reference interval: 2.1–3.5 g/L], calcium [83–102 
mg/L], C-Reactive Protein (CRP) [0–5 mg/L], γ-globulins [8–13.5 g/L], 
glycemia [0.6–1.0 g/L], lymphocyte count/total leucocytes [20––40 %], 
and 25-hydroxyvitamin D [30–60 ng/mL] (Table 1). The association was 
particularly strong with α1-globulins, calcium, and lymphocytes. Uni
variately, platelet counts differed significantly according to each 
selected biological parameter category (below, within or above their 95 
% reference interval), except for glycemia (Fig. 1). However, glycemia 
had a significant effect on platelet count in multi-way ANOVA, thus 

Table 1 
Joint effect of significant biological parameters with platelet count as assessed 
by multi-way analysis of variance.  

Parameter Df SSQa MSQa F testa p-Value 

Alpha-1 globulins 2  8.55  4.27  40.01 <0.0001 
Calcium 2  3.30  1.64  15.44 <0.0001 
C Reactive Protein 2  0.45  0.45  4.25 0.039 
Gamma globulins 2  1.68  0.84  7.89 0.0.00038 
Glycemia 2  1.09  0.54  5.09 0.0062 
Lymphocyte count/total 

leucocytes 
2  5.04  2.52  23.59 <0.0001 

25-hydroxyvitamin D 2  0.98  0.49  4.58 0.010 
Residuals 3612  385.87  0.107    

a Multiplied by 1011
; SSQ sum of squares (related to parameter); MSQ mean 

square = SSQ/Df; Df degrees of freedom; F test given by Parameter MSQ /Re
siduals MSQ with 2 and 2990 degrees of freedom. 
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explaining its presence in the model (Table 1). Formally, the final model 
was written “Platelets = f(α1-globulins; calcium, CRP, γ-globulins; gly
cemia; lymphocytes; 25-hydroxyvitamin D)” (p < 0.0001). applying 
these biological exclusion criteria (see section 2.2.1), N*=159 in
dividuals were selected. The distribution of platelet counts in these 
subjects is displayed together with the reference limits of the hospital 
laboratory [150–400 × 109/L] (Fig. 2). The refined 95 % reference in
terval was reduced by 27.2 % and turned out to be [152–334 × 109/L]. 
While the lower limits were almost superimposable, the upper limits 
differed markedly. 

3.2. Validation and transference 

By applying the same model on the validation dataset, N*=2,129 
validation reference individuals were retained (1066 females, 1063 
males after balancing). The distribution of platelet count of these sub
jects is also displayed in with a substantial overlap with the one derived 
from the training dataset (Fig. 2). 

In the 1000 bootstraps of 120 individuals out of the N*2,129, on 
average 4.7 (3.9 %) were below the hospital-derived interval, 7.1 (5.9 
%) were above, resulting in 11.8 (9.8 %) validation reference in
dividuals being excluded by the hospital-derived interval. This propor
tion of 9.8 % out-of-range individuals was lower than the pre- 

Fig. 1. Platelet count displayed against each correlated biological parameter selected in the model. Correlated parameters are categorized in BRI (Below the 95 % 
laboratory Reference Interval), WRI (Within the 95 % laboratory Reference Interval) and ARI (Above the 95 % laboratory Reference Interval). Red dotted horizontal 
lines represent current laboratory 95 % reference interval for platelet count. Significance indicated by asterisks were obtained by t-tests between categories (*: p- 
value < 0.05, **: p-value < 0.01, ****: p-value < 0.0001). 
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established threshold of 10 %, thus sustaining the clinical relevance and 
potential transference of the reference interval determined from hospital 
big data to the outside laboratory. 

4. Discussion 

When two laboratory parameters are correlated, their 95 % reference 
intervals should account for that correlation. This is challenging because 
the problem becomes rapidly intractable as the number of correlated 
parameters increases. One way to circumvent this problem is to proceed 
as with sex or age categories, namely, to split the correlated biological 
parameters into categories and define 95 % reference intervals of the 
other laboratory test for each category. We used hospital big data 
because not all hospital laboratory results are abnormal in the classical 
way and not all hospitalized patients are diseased. For a given laboratory 
test (e.g., platelet count), our approach searched for the best model 
composed of correlated biological and subject-specific parameters that 
were directly associated with the laboratory test under study. By 
considering only individuals with values of the correlated parameters 
within their respective 95 % reference intervals, this leaves for the 
laboratory test under study N* individuals who define an optimized 
reference population from which an optimized and personalized 95 % 
reference interval can be constructed. If this interval is shorter than the 
95 % reference interval used in the laboratory, a substantial gain in data 
interpretation can be obtained. For instance, early detection of variation 
in a given patient may be uncovered, thus improving diagnosis and 
follow-up [11], as a complement of routine practice based primarily on 
symptom onset [24]. The rationale is that, if a laboratory value is within 
the classical 95 % reference interval used in the laboratory but outside 
the optimized 95 % reference interval, the value of another correlated 

biological parameter could be outside its own 95 % reference interval. 
Our approach also allows calculating mean values that can be consid
ered as the “personalized optimum” for a given laboratory test. 

The method was tested on platelet count hospital data. From the total 
number of patients, N*=159 individuals were ultimately retained by the 
algorithmic procedure, a sample size high enough to determine a 95 % 
reference interval. The upper limit (334 × 109/L) of the interval derived 
was 66 units lower than the 400 × 109/L conventional limit or lower 
than the 350 × 109/L threshold sometimes used for thrombocytosis 
diagnosis [25–27]. This is consistent with a Canadian study [28] which 
determined 95 % reference intervals for platelet count by the direct a 
priori method, as recommended by the CLSI C28 A3 guideline [1]. Their 
95 % reference intervals for subjects aged 27–79 years were 
[151.8–324.0 × 109/L] for males and [153.2–361.3 × 109/L] for fe
males, respectively [28]. These values are strikingly close to ours and 
kind of comfort the idea that hospital big data bears potential infor
mation when appropriately processed. It has been reported that platelet 
values may be influenced by age, sex [7,29], geography [29], ethnicity 
[7,8], or genetic factors [30]. Similar approaches based on systematic 
biological parameter abnormality elimination have been developed 
before [18]. In our study, platelet values were primarily correlated with 
seven biological parameters. The association between platelet count and 
25-hydroxyvitamin D was previously reported in another study [31]. As 
expected, platelet count was also correlated with inflammatory bio
markers (CRP, alpha-1 and gamma globulins, calcium) and with lym
phocytes. In other models (not reported here), platelet count was found 
correlated with mean corpuscular volume, total leucocytes, α2-globu
lins, cholesterol, and creatinine, which shows that other models can be 
built to refine and have a more precise reading of platelet results. Age 
was often related to platelet count, but in the present case partitioning 

Fig. 2. Density distribution of platelet count (x109/L) in the optimized reference population from hospital training data sample (in blue) and in optimized reference 
population from downtown laboratory validation data sample (in green). The optimized 95% reference interval from hospital data sample is indicated by the blue 
vertical dotted lines whereas the current 95% reference interval is represented by the red vertical dotted lines. 
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was not possible due to lack of data. By contrast, sex was not always 
significantly correlated with platelets, unlike in other studies 
[7,8,28,29]. It is likely that the absence of sex may result from the fact 
that by considering the biological parameters correlated with platelets, 
the effect of sex vanished. 

The gain of dispersion for the upper limit of the 95 % optimized 
reference interval of platelet count may improve identifying early 
thrombocytosis emergence, although no change was observed for the 
lower limit and hence for diagnosing thrombocytopenia (platelet count 
< 150 × 109/L). Besides their role in hemostasis, platelets are implicated 
in inflammation and tumorigenesis [32,33]. Thrombocytosis is widely 
associated with poor prognosis in non-small cell lung cancer, gastric, 
pancreatic cancer and others [34–36]. Therefore, it is thought that 
optimized reference intervals may contribute to better prognosis in these 
cancer types. Lastly, we believe that our approach based on big data may 
help creating specific reference geriatric populations (i.e., presumably 
healthy subjects aged > 80 years), which remains a challenging issue 
today [2], and discerning “normal” or physiological aging trajectories 
from an actual diseased state in elderly. 

Within the limits of our study, genetic, and environmental factors 
were not envisaged. About blood glucose, it would have been interesting 
to analyze blood glucose levels of fasting patients only, but the data from 
the University Hospital of Liège did not allow us to distinguish between 
fasting and non-fasting individuals. For the sake of comparability be
tween the two databases, we have included both fasting and non-fasting 
glucose values in the validation dataset (from the downtown laboratory) 
too. In both the training and validation datasets, we utilized the fasting 
blood glucose reference range [0.6–1.0 g/L] as a biological exclusion 
criterion. It is likely that non-fasting individuals have a blood glucose 
level exceeding 1.0 g/L and have been naturally excluded from the 
optimized reference population for platelets (see section 2.2.1). 
Considering 25-hydroxyvitamin D, data were collected throughout the 
years. 25-hydroxyvitamin D exhibits significant variability based on the 
season. We aimed to exclude all individuals with deficiencies (<30 ng/ 
mL) from the optimized reference population both in winter and sum
mer. We visually and statistically verified that the values of 25-hydrox
yvitamin D and platelet count in the optimized reference population did 
not differ based on the time of year (October to March and April to 
September). P-value = 0.568 and 0.549, for 25-hydroxyvitamin D and 
Platelet count, respectively. In conclusion, the process of selecting 
reference individuals (Section 2.2.1) effectively limits the variability of 
25-hydroxyvitamin D throughout the year. Finaly, while optimized 95 % 
reference interval for platelet count established using hospital big data 
can be generalized to Caucasian populations of Western countries [7], 
their extension to other populations (e.g., African, Chinese or Iranian) 
might be difficult [37–39]. 

The present method is a new indirect methodology for determining 
95 % reference intervals of laboratory tests. Even if indirect methods 
allow the collection of large patient samples, cost and resource savings, 
direct approaches are recommended by the 2010 EP28 A3C guideline by 
CLSI [1], and many large cohort studies have followed this principle 
[3–6,28]. However, ignoring other biological parameters in the refer
ence individual selection process may lead to increased variability in 
biological profiles. The present method, by the strict reference individ
ual selecting process and the consideration of subject-specific charac
teristics (sex and age category for example), can further reduce the inter- 
individual variability in reference populations. 

The primary objective of this work was not to define a perfectly or 
presumably “healthy” population but to obtain homogeneous biological 
profiles. If we cannot replace the existing 95 % reference intervals used 
in laboratory daily practice, our method allows a more refined and 
precise reading of laboratory tests within these reference intervals. 
Secondly, the same individual can be excluded from a reference popu
lation for a given laboratory test and included in the reference popula
tion for another laboratory test. This leads to reconsider the idea that an 
individual is either healthy or diseased. 

In the future, other subject-specific characteristics, such as height, 
weight, blood groups, infectious status, genetics, geographical origin, 
could be investigated and our approach could be generalized on omics 
data. We aim in the future at defining multi-dimensional optimized and 
reference regions capturing all parameters correlations based on inno
vative approaches in data-science [40]. The challenge is now to define 
reference populations that integrate these functionalities on an appro
priate platform for use by clinicians, laboratory medicine specialists, and 
researchers. 

5. Conclusion 

In conclusion, our study introduces a novel indirect methodology for 
constructing optimized and personalized reference populations, allow
ing for a refined interpretation of laboratory test results. By incorpo
rating correlated parameters into the exclusion criteria for reference 
individuals, we successfully reduced inter-individual variability within 
these populations, leading to the establishment of finer reference in
tervals than those used today in clinical practice. Our model, which 
considered α1-globulins, calcium, C-Reactive Protein (CRP), γ-globulins, 
glycemia, lymphocyte count/total leucocytes, and 25-hydroxyvitamin 
D, provided a tailored reference population for platelet counts. This, 
in turn, enabled the determination of a new thrombocytosis threshold, 
potentially offering diagnostic and prognostic advantages. The trans
ferability of this reference population has been validated on an inde
pendent data sample, drawn from a downtown laboratory. This suggests 
that our indirect method can be used to determine new reference in
tervals on hospital data. 
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