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Abstract 
The complete blood count is an important screening tool for healthy adults and is the most commonly 
ordered test at periodic physical exams. However, results are usually interpreted relative to one-size-
fits-all reference intervals, undermining the goal of precision medicine to tailor medical care to the 
needs of individual patients based on their unique characteristics.  Here we show that standard 
complete blood count indices in healthy adults have robust homeostatic setpoints that are patient-
specific and stable, with the typical healthy adult’s set of 9 blood count setpoints distinguishable from 
98% of others, and with these differences persisting for decades. These setpoints reflect a deep 
physiologic phenotype, enabling improved detection of both acquired and genetic determinants of 
hematologic regulation, including discovery of multiple novel loci via GWAS analyses. Patient-specific 
reference intervals derived from setpoints enable more accurate personalized risk assessment, and the 
setpoints themselves are significantly correlated with mortality risk, providing new opportunities to 
enhance patient-specific screening and early intervention.  This study shows complete blood count 
setpoints are sufficiently stable and patient-specific to help realize the promise of precision medicine for 
healthy adults. 
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Introduction: 
The complete blood count (CBC) is important and versatile and is ordered more frequently than any 
other clinical test across nearly all medical contexts1,2.  It provides a valuable non-specific assessment of 
the hematologic and immunologic state of patients by measuring numbers of red blood cells (RBC), 
white blood cells (WBC), and platelets (PLT) per unit volume of blood, along with some basic cell 
population statistics.  Because blood cells interrogate almost all tissues and organs with high spatial and 
temporal resolution, the CBC provides information on a very wide range of disease processes.   

CBC indices vary dramatically among healthy adults, with the upper boundary more than twice as large 
as the lower in some cases (e.g., 4.5-11 x 103/µl for WBC), making the one-size-fits-all reference intervals 
that are currently used for interpretation very wide.  However, short-term intra-patient variation in CBC 
indices over weeks or months is significantly lower3.  Intra-patient variation over multiple years or more 
has rarely been studied4, and it has not been directly shown whether intra-patient variation increases 
over decades and eventually approaches inter-patient variation. However, studies demonstrating high 
heritability of CBC indices5–9 imply that intra-patient regulatory differences between healthy patients 
may persist indefinitely.  As the scale and scope of medical record databases advances, questions about 
long-term marker regulation and variation can now be investigated.   

Understanding the nature of long-term variation in common diagnostic tests for healthy patients is 
crucial for realizing the vision of precision medicine10,11.  Traditional medicine has always had the goal of 
personalizing care – but dramatic advances in diagnostic methods and data science promise much more.  
For healthy adults, the benefits of modern precision medicine are particularly lacking because while 
advanced diagnostic methods can detect many differences between healthy adults at the genetic, 
molecular, and cellular level, these differences have not been shown to be clinically useful other than in 
uncommon situations such as rare and highly penetrant Mendelian diseases.  Medical care for healthy 
adults has not changed significantly in many years and still relies primarily on the rote application of a 
few one-size-fits-all population-wide screening studies. 

A recent study showed that CBC results can be surprisingly stable and robust in adults, with patients 
who are recovering from acute inflammation reliably returning to their baseline CBC, for an extremely 
wide range of inflammatory stimuli including diverse trauma, ischemia, and infection.12  Motivating this 
study, we hypothesized that CBC indices in healthy individuals would be tightly regulated over long 
periods of times.  We therefore studied CBC variation in a large cohort of healthy individuals over 
decades.  We found that CBC indices fluctuate as expected13,14 but are tightly regulated around patient-
specific homeostatic setpoints15,16.  Setpoint differences between healthy individuals are sensitive to 
normal aging processes, chronic disease, and medical intervention, but a significant fraction of setpoint 
differences appears genetically determined17,18 and associated with novel loci.  Setpoints enable clinical 
application of patient-specific CBC reference intervals, which show promise enhancing personalized risk 
assessment, and setpoints themselves are surprisingly correlated with mortality risk. 

 
Methods: 
Patient data collection 
Complete blood count (CBC) data was collected for all adult MGB outpatients over three study periods: 
2002-2021, 2002-2006, 2017-2021 (Cohorts A, B, and C respectively). Patients were included if over the 
study period they: had >4 isolated CBCs (outpatient and >30d apart from other blood tests), had no 
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>48h inpatient stays during the study period, and were alive at the study endpoint. Patient 
demographics, blood counts, procedures, medications, and diagnoses were collected using the MGB 
research patient data registry (RPDR), and electronic data warehouse (EDW). Diagnosis data was 
converted from ICD9 and ICD10 codes to disease phenotypes using PheCodes19. CBCs consisted of ten 
parameters: hematocrit (HCT), hemoglobin (HGB), mean corpuscular hemoglobin (MCH), mean 
corpuscular hemoglobin concentration (MCHC), mean platelet volume (MPV), platelet count (PLT), red 
cell count (RBC), red cell distribution width (RDW), and white cell count (WBC). MPV values were not 
routinely reported in the medical record before 2015 and are not reported for cohort B. Summary 
characteristics for cohorts A-C are given in Table S1. MGH reference intervals for each marker are given 
in Table S2. CBCs were run on a wide variety of hematology analyzers, reflecting changes in MGB 
laboratory equipment over time. Most machines typically have very low analytic variation21, but this 
may still introduce a small, fluctuating bias to marker results over time.  

Each cohort was evaluated for health, with all three showing similar 1yr mortality rates (0.3%, 0.9%, 
0.8% for A-C) to a similarly aged general US population (1.1% for 55-60yr olds in 202120). Analysis of 
disease phenotypes in cohort A showed no diagnoses that would be unexpected in a general adult 
population of similar age – with diagnoses pain, hypertension, and hyperlipidemia being among the most 
prevalent (Fig S1). 

Setpoint calculation 
The mean of a patient’s regulated healthy biological marker range (herein referred to as a ‘setpoint’) 
was estimated by fitting a Gaussian mixture model with up to 3 components to each patient’s set of 
isolated CBCs and taking the mean of the largest component. Optimal component number was chosen 
based on the Akaike information criteria score, and a multi-component model was selected only if the 
largest component proportion was greater than 70% (2 components) or 45% (3 components). The 
coefficient of variation (CV) was calculated from the component variance. Analytic variation will 
contribute to variance as well, but for modern laboratory hematology instruments is typically small (< 
~1%)21.  Inter- and intra-patient variation in blood count markers were compared to short-term intra-
patient marker variation rates reported in the European Federation of Clinical Chemistry and Laboratory 
Medicine (EFLM) database3. Estimates of inter- and intra-patient marker variation in Fig 1b-d were 
calculated based on each patient’s set of isolated CBCs, without use of mixture models (to reflect overall 
variation, including outlier values). These results were adjusted for age-associated drift using linear 
regression over the entire study cohort. Rates of age-associated drift were low for all markers (Table 
S3). Unless otherwise specified, other results did not use age-adjustment, to enable unbiased 
comparison to reference intervals.  

Setpoint association analyses 
Associations of setpoints with other hematologic markers were analyzed using raw CBC datafiles. From 
Jan-2017 onwards raw datafiles from all MGH CBCs run on Sysmex XN-9000 systems were stored. 27 
additional hematologic parameters were extracted from the headers of these raw data files22. Setpoints 
for each Sysmex parameter were calculated for all patients in cohorts A-C that had at least 5 isolated 
values available – the N of this varied by parameter as for any individual CBC only a subset of the Sysmex 
parameters is typically reported into the file header. Data availability and summaries for these 
parameters are given in Table S4. 
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Associations of setpoints with non-hematologic markers were analyzed via a matched prospective study. 
Healthy patients in cohort C attending MGB system outpatient visits were identified and matched to 
demographically similar patients with a significant difference in their HCT, PLT, RDW or WBC setpoint. 
Using excess clinical specimens, a series of general inflammatory, renal, liver and serum lab markers 
were collected. Differences between matched patient pairs were analyzed using 2-sided t-tests and 
hierarchical clustering. Full details of enrolment criteria can be found in the Supplementary Methods. 
Characteristics of the prospective cohorts are given in Table S5.  

Physiologic shifts 
We tested whether physiologic changes and pathophysiologic states could alter setpoints by analyzing 
CBCs of patients in cohort A for whom menopause was noted or who were diagnosed with 
hypothyroidism or liver disease (any diagnosis of hepatitis, cirrhosis, or chronic liver disease), or who 
had a splenectomy procedure. These four cohorts were each hypothesized to exhibit setpoint 
alterations based on the associated physiologic or pathophysiologic change. For each diagnosis, patients 
were included if they had at least 5 isolated CBCs pre-event (study start to 1yr pre-) and post-event (1yr 
post to study end). We also investigated setpoint changes pre- and post-pregnancy by considering all 
patients across the four cohorts in this study who had a delivery recorded in a local obstetrics database 
(containing 40,000+ MGH-associated deliveries)23. In this cohort, setpoint changes were analyzed using 
all adult isolated CBCs at least 2yrs pre- or 2yrs post the date of delivery, excluding patients with fewer 
than 5 isolated CBCs in each period.  Setpoints were calculated pre- and post-event after correction for 
age-associated drift in lab values (via linear regression, Table S3). Characteristics of these cohorts are 
given in Table S6.  

Heritability analysis 
Setpoint heritability was estimated using patient relationship data in the electronic health record (EHR), 
similar to prior reports24. All patients in cohorts A-C with first-degree familial (parent-child or sibling) or 
partner (spouse or life partner) relations also in one of the cohorts were retained (N: 439, 440 pairs 
respectively). Familial relationships were assumed biologic unless otherwise noted (e.g., stepfather, 
etc.). Heritability was estimated as 1

ℎ
(𝜌𝜌𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 −  𝜌𝜌𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝), where 𝜌𝜌𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 and 𝜌𝜌𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 are the 

correlations between familial and partner setpoints, and ℎ is the genetic strength (0.5 for first-degree 
relatives), with 𝜌𝜌𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 acting as a control for environmental effects. All setpoints were age- and sex-
corrected via linear regression prior to correlation estimation. Heritability estimates were compared to 
literature estimates from five studies: 2 twin studies5,6, 1 pedigree study7, 1 multi-generation study8, and 
1 large-scale EHR study9. Estimates were also calculated using a randomly chosen isolated CBC from 
each patient. Corresponding heritability estimates are given in Table S7.  

Genome-wide association studies 
To assess setpoint-genome associations, data from the MGB Biobank – a biorepository of genotyped 
samples from consented MGB patients – was used. All Biobank patients who had genotype data, at least 
5 isolated CBCs, and who were alive as of Apr-01-2023 were included (N: 32,093). Patient genotyping 
was performed by the MGB Biobank, using the Illumina Multi-Ethnic Genotyping (MEGA) and Expanded 
MEGA (MEGAEX) array covering 1,416,020 and 1,741,376 SNPs respectively. Results were imputed by the 
MGB Biobank team using the Minimac325, on the Michigan Imputation Server, with the Haplotype 
Reference Consortium (r1.1 2016) panel. Samples with high SNP missingness (first pass filter 0.2, second 
pass filter 0.02), high heterozygosity, sex discrepancy, or high relatedness (kinship coefficient >0.2), and 
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those of non-European ancestry (identified by comparison of multidimensional scaling plots to the 1000 
Genomes reference panel26) were excluded (due to insufficient sample size for analysis in non-European 
subjects). SNPs with low minor allele frequency (<0.05), poor imputation (R2 < 0.3), or outside Hardy-
Weinberg equilibrium (p<1e-10) were excluded. GWAS analysis was performed using a linear model with 
age, sex, and 10 genetic principal components as covariates. Setpoints were calculated using the same 
procedure as described in prior sections. Analysis was also performed using a randomly chosen isolated 
CBC from each patient. Loci were identified using the plink clump feature with significance thresholds of 
5e-8 and 1 for primary and secondary SNPs, a linkage disequilibrium threshold of R2 > 0.2, and a 
clumping region of 250kbp. A locus was deemed novel if there were no reported significant associations 
to any of the 9 CBC markers for any SNP within 250kbp of the locus’ primary SNP, as determined by 
queries to the GWAS catalog27. All novel loci were subsequently manually reviewed to confirm novelty. 
SNP heritability estimates were derived from the GWAS summary statistics using the sum-hers function 
in LDAK28 version 5.2, with the LDAK-Thin tagging file (as supplied on the LDAK website29) and excluding 
any predictors which explained more than 1% of phenotype variation. All other analysis was 
implemented using bcftools30, plink and plink231, with a significance threshold of 5e-8 unless otherwise 
specified. Significant hits and loci from each GWAS are provided in Tables S8-S10, and full GWAS results 
can be accessed via GWAS catalog (accession numbers are given in the data and code availability 
statement). Summary characteristics of the MGB Biobank cohort are given in Table S1. 

Statistical analysis 
Statistical significance of data was calculated using t-tests for continuous variables, and chi-square for 
categorical variables. Survival analysis was performed using Kaplan-Meier curves, with statistical 
significance calculated using log-rank tests. For time-to-event analysis, patients were censored at the 
date of last data collection (Jan-01-2023 unless otherwise noted). Thresholds for significance for all 
analyses were set at p = 0.05 unless otherwise noted. All non-genomic data analysis was performed 
using MATLAB 2021b.  

 
Results: 
Complete blood count indices are tightly regulated in healthy adults over decades 
We studied intra-patient variation in CBC indices over a 20year period (Fig 1a). Standard CBC reference 
intervals are based on inter-patient CVs of CBC indices, which ranged from 10-30% in our cohort (Fig 1b). 
Intra-patient CVs were much lower over the 20year period, only 30-70% as large as the equivalent inter-
patient CV (Fig 1c).  Intra-patient CVs over 20 years remained closer to previously reported intra-patient 
CVs determined over much shorter periods of a few weeks or months3. The magnitude of the CV did not 
vary with gender, demographics, or age (Fig 1d, Fig S2-S3), consistent with the hypothesis that this 
degree of regulation is a generic feature of normal physiology.  The autocorrelation function for each 
CBC index decayed more slowly than a random walk process, consistent with an active regulatory 
process (Fig S4).  The CVs were also stable for a wide range of values for each setpoint (Fig S5), 
consistent with the hypothesis that the regulatory process was equally efficient for a range of setpoints.  
Thus, each patient’s CBC indices appear to be regulated to stay within a sub-interval of the inter-patient 
range for decades, and these hematologic setpoints represent a well-defined state of health for each 
patient (Fig 1e, Fig S6).   

 . CC-BY-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 28, 2023. ; https://doi.org/10.1101/2023.09.26.23296146doi: medRxiv preprint 

https://doi.org/10.1101/2023.09.26.23296146
http://creativecommons.org/licenses/by-nd/4.0/


Hematologic setpoints vary significantly among healthy patients  
The three patients in Fig 1e can be distinguished for most of the 20year period based on just their PLT 
count.  Considering all 9 setpoints (excluding MPV due to more limited availability), for the average 
patient only 2% of the cohort had all setpoints within that patient’s setpoint intervals (setpoint ± 2CV). 
Thus, a healthy patient’s set of hematologic setpoints is highly specific and identifies a personalized 
state of health that is typically distinct from that of more than 98% of other healthy individuals.   

This high degree of patient-specificity reflects modest intra-patient correlations between setpoints and 
other non-routine hematologic parameters (Fig 2a).  There is, as expected, strong correlation for 
setpoints with co-dependent definitions (e.g., HCT, HGB, RBC, or WBC, ALYMPH, ANEUT), physiologic 
trade-offs (e.g., RBC vs MCH and MCV; PLT vs MPV), and between MCH and MCV, given MCHC is tightly 
regulated across all vertebrates31. However, RDW was inversely correlated with other red cell setpoints, 
suggesting increased cell size and production are associated with reduced size variability. RDW was also 
correlated with immature reticulocyte fraction, and fragmented and nucleated red cell counts, 
suggesting chronic RDW elevation may reflect sustained dysregulated production or elevated 
schistocytosis32, potentially explaining part of the well-known RDW-mortality association33. MPV was 
positively associated with immature platelet fraction and platelet distribution width, possibly reflecting 
a negative association with PLT age34. WBC was associated with relative lymphocyte counts, suggestive 
of some chronic inflammation in patients with elevated setpoints. These results highlight that CBC 
setpoints may often reflect sustained differences in underlying cell production, clearance, and regulation 
features, whether acquired or genetic.  

Acquired origins of setpoint variation  
The heterogeneity of hematologic setpoints across healthy adults raises the question of the origin of 
these inter-patient differences, and the extent to which acquired or genetic factors may be involved. 
Differences in disease history or exposures could potentially alter hematologic setpoints.  For instance, 
chronic disease is often associated with low-level inflammation which might raise the WBC setpoint, 
along with other inflammatory markers.  To test this hypothesis, we prospectively measured a panel of 
routine lab tests in a set of matched patients where one patient had a low hematologic setpoint (HCT, 
PLT, WBC, or RDW) and the other high.  (See Supplemental Methods for more detail.)  No associations 
were seen between setpoints and common metabolic, inflammatory, renal, or liver markers. This small 
study does not exclude the possibility of an environmental contribution to setpoint differences but 
suggests a large contribution of this type is less likely.  Consistent with prior studies35, CBC indices 
showed small age-related changes with most below 1% CV per 10 years (Table S3), though setpoint CVs 
were not significantly age-dependent (Fig S2). Additionally, some normal physiologic changes like 
pregnancy and menopause were associated with setpoint shifts (Fig 3a-f). Menopause was associated 
with a HCT setpoint increase, consistent with reduced blood loss and improved iron status36. Pregnancy 
was associated with decreased MCHC setpoints post-partum (Fig 3f), a novel finding which suggests the 
transient increased erythropoietic demand of pregnancy may lead to persistent changes in 
erythropoiesis.37 Chronic disease states like hypothyroidism and hepatitis, and medical interventions 
such as splenectomy were also associated with changes in hematologic setpoints that are consistent 
with expectation and prior observations (elevated MCV38, reduced PLT39 and increased RDW40 
respectively). In each of these cases, the use of a setpoint instead of a single CBC marker to detect a 
change yielded similar effect size estimates, but dramatically increased statistical significance (Fig 3g), 
suggesting setpoints enable greater sensitivity and precision for detecting and estimating changes in 
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patients’ states of health. These results demonstrate that setpoints are modifiable, but the magnitudes 
of change are modest, leaving the majority of setpoint variability in the healthy adult population 
unexplained. 

Genetics origins of setpoint variation 
Given the limited role of acquired factors, we investigated the genetic basis of setpoint differences by 
performing heritability and GWAS analysis.  We first used EHR-derived familial relationships within 
cohorts A-C and found that setpoints were highly correlated between first-degree relatives but not 
partners (a proxy for environmental effects) (Fig 4a-b, Fig S7-S8). Except for MCHC, all CBC setpoints 
showed strong heritability (Fig 4c). Estimating heritability from EHR-derived relationship data can be 
noisy, but estimates using setpoints in these cohorts were consistent with mean results published 
previously5–9 (Table S7), and closer to the literature mean than single-CBC estimates except for RDW 
(where both estimates were extremely close to the mean).  

We also performed a GWAS using both setpoints and single CBC measurements. SNP-based heritability 
estimates were consistently higher when using setpoints (Fig 4d), potentially explaining part of the well-
known missing heritability problem for these indices41. GWAS of the 9 CBC setpoints identified 397 
associated loci.  Eight loci (lead SNPs: rs60528951, rs2047265, rs12522573, rs6997857, rs10021975, 
rs10043270, rs117912622, rs869243453) appeared to be novel after comparison to the GWAS catalog27 
and to results derived from much larger studies that relied on 1-2 CBC measurements17,18 (Fig 4e, Table 
S8-S10). Setpoint GWAS produced comparable effect size estimates to single marker GWAS but with 
increased significance (Fig 4f-g, Fig S9-S10), leading to an average 3.6-fold increase in significant SNPs 
(Fig 4h). Setpoints also provided improved discovery over 2, 4, and 8-CBC averages, suggesting that 
identification of the underlying biologic distribution and systematic exclusion of outlier values is 
worthwhile (Fig S11).  

Setpoints provide population-wide and personalized information on clinical risk 
Hematologic setpoints are thus stable for decades and patient-specific, with differences between 
healthy patients likely reflecting contributions from genetics, normal aging, and possibly exposure 
history.  We first investigated whether these different patient-specific healthy states were clinically 
meaningful.  When limited to ‘normal’ (within reference interval) values, setpoints showed consistent 
and significant monotonic associations with mortality (Fig 5a-b, Fig S12), even after controlling for age 
and sex (Fig 5c), and under replication in an independent cohort (Fig S13). After controlling for age, sex, 
and setpoint value, increased setpoint variability was also associated with higher mortality risk (Fig 5d) 
for all markers except MCHC (which had very low variability for nearly all patients). Most risk 
associations between setpoints and mortality had the expected directionality (e.g., low PLT and high 
WBC both associated with higher risk), but higher MCV was unexpectedly associated with elevated risk. 

Setpoints may also allow for improved interpretation of new test results. When comparing WBC 
setpoints in cohort B (calculated between 2002-2006) to a patient’s worst outpatient lab value in 2007, 
1yr mortality was greatest if the patient had a high setpoint and low current value (6.9%) or vice versa 
(4.5%) (Fig 5e), with similar results seen for multiple other markers (Fig S14). Similarly, when stratified 
by current PLT value and setpoint, future risk of thrombocytopenia (PLT<150x103/µL) was highest for 
patients with a high setpoint and low current value (Fig 5f) (with similar seen for other markers, Fig S15). 
These non-linear interactions between setpoint and current marker values suggest that in many cases 
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deviation from the setpoint may be a stronger prognostic signal than a stably high or low hematologic 
state.  

We therefore investigated whether a personalized setpoint reference interval (setpoint ± 2CV, 
equivalent to a 95% confidence interval) may provide more prognostic value than a standard reference 
interval. For all markers except MCHC, the setpoint interval provided a higher point estimate of 
mortality risk than the generic reference interval, with most differences being statistically significant (Fig 
5g). This suggests that setpoints may allow for more personalized benchmarking of patients in clinical 
contexts.  

 

Discussion:  
We find that CBC indices in healthy adults fluctuate narrowly around setpoints for decades.  95% 
confidence intervals derived from setpoints are typically less than half the width of 95% confidence 
intervals for the population.  Patient-specific intervals are highly personalized, with the set of each 
patient’s intervals excluding at least one setpoint from more than 98% of other healthy adults in our 
study cohort.  

Biologic variation of hematologic markers has been well studied over shorter durations of a few weeks 
or months3,4,42, but few studies have assessed intra-patient variation in large cohorts over multiple years 
or more4. CBC indices are known to exhibit age-associated drift35,43, and our study shows both that 
patient-specific setpoints can be adjusted for this drift (Fig 1), and that the magnitude of age-associated 
drift is modest compared to inter-patient heterogeneity in setpoints (Table S3). Estimates of intra-
patient setpoint variation were uniform across patient age, sex, and self-reported race or ethnicity (Fig 
1b-d, Fig S3-S4), suggesting hematologic regulatory systems are fundamental to healthy physiology, 
despite differences in burden of chronic disease that might persistently alter hematologic state44. This 
stability and patient-specificity of CBC setpoints supports their use in specialized intra-individual 
monitoring contexts like the athlete biological passport used to detect doping in professional athletics45. 
Harris et al., suggested that an index of individuality (the ratio of intra- to inter-patient marker CV) 
below 0.6, is evidence that generic reference intervals may be insufficient46. Results in Fig 1c show that 
most hematologic setpoints have a long-term index of individuality well below this threshold, 
highlighting inherent limitations of the currently used generic reference intervals. 

The stability and specificity of setpoints provides opportunities for the personalized risk assessment and 
treatment of healthy adults envisioned by precision medicine10,11.  Our analysis shows that setpoint-
derived patient-specific reference intervals provide more accurate mortality risk prediction than 
population-wide reference intervals (Fig 5g). These results motivate future studies to determine if 
clinical outcomes may be improved by substituting patient-specific CBC reference intervals into clinical 
management guidelines that currently rely on population-wide CBC reference intervals.  Other studies 
have shown potential value of multi-dimensional hematologic reference intervals47 – motivating future 
study of multivariate setpoint intervals. 

Setpoints levels themselves stratify patients by mortality risk (Fig 5a-c).  The monotonic increase in 
mortality risk seen for quintiles of several setpoints is unexpected.  Few physicians would expect that a 
difference in MCHC of 33 mg/dL vs 34 mg/dL would be associated with a 40% relative increase in 10yr 
mortality (14.6% for MCHC 33.5-34.5% vs 10.5% for MCHC 34.5-35.5%; N = 1698, 4504; mean(std) age: 
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57.8(16.1), 57.5(15.6), P=5e-6). These results suggest that CBC setpoints are continuous measures of 
patient state and that no population-wide threshold can optimally capture patient risk.  Precision 
medical care of healthy adults9–11 would thus integrate setpoint-based reference intervals as well as the 
setpoints themselves. These results motivate further study to determine which diseases are responsible 
for this increased mortality, and whether it would be effective to introduce additional screening 
measures for patients that would be triggered by their setpoint values.  Further understanding of 
setpoint-associated differential mortality risk may also indicate whether interventions intended to 
modify setpoints, as is shown to be possible (Fig 3), might be helpful. 

CBC setpoints show high heritability, consistent with what has been shown for CBC indices previously, 
and GWAS efficiently identifies hundreds of associated loci.  Greater understanding of the genetic 
architecture of setpoints (and analysis in non-European ancestry populations) might eventually enable 
inference of an individual’s setpoints from genotype data if serial CBCs were not available.  The loci and 
SNPs associated with setpoints may also provide clues about the diseases responsible for differential 
mortality risk associated with setpoints (Fig 5a-c).  Given our modest cohort size (comparative to prior 
GWAS studies of hematologic markers17,18), the identification of 8 novel loci highlights the strength of 
the physiologic signal provided by hematologic setpoints as compared to individual measurements (Fig 
S16). More broadly, these results provide a clear example of the value of deep phenotyping for GWAS, 
aligning with recent studies in this area48–50. 

While CBC indices are tightly regulated in healthy adults, they are far from constant.  The correlation 
between intra-patient variance and mortality risk may reflect allostasis or different allostatic loads 
across patients15.  The identity of these setpoints and their correlation structure (Fig 2a) also provide 
opportunities for future investigation of the underlying mechanisms driving inter-patient setpoint 
differences, for instance determining whether variation is greater between patients in terms of rates of 
production, lifespan of cells and platelets in the circulation, or the processes that govern clearance. 
Other work has suggested that hormonal factors may influence hematologic setpoints43, a clear area for 
future study. 

Here we have shown that in healthy adults hematologic setpoints are stable and tightly regulated over 
decades. These setpoints reflect deep phenotypes of hematologic regulation, which can heighten 
discovery in mechanistic and associational studies. Setpoints are novel and generic markers of patient 
risk, and also provide opportunity for improved care through patient-specific benchmarking. 
Hematologic setpoints provide opportunity to realize the goal of precision medicine, while utilizing data 
that is already routinely measured worldwide.  

 

 

  

 . CC-BY-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 28, 2023. ; https://doi.org/10.1101/2023.09.26.23296146doi: medRxiv preprint 

https://doi.org/10.1101/2023.09.26.23296146
http://creativecommons.org/licenses/by-nd/4.0/


Acknowledgements:  
We thank the Mass General Brigham Biobank for providing access to genomic and health information 
data, and the MGB Electronic Data Warehouse and Research Patient Data Repository groups for 
facilitating access to electronic health records. We thank Rahul Gupta and Jon Stefely for helpful 
discussions. We thank Kent Lewandrowski and the MGH core clinical laboratory for enabling prospective 
laboratory testing.  

Ethics 
The study protocol was approved by the local institutional review board at Massachusetts General 
Hospital 

Funding + conflicts of interest 
JMH reports funding from the National Institutes of Health (grant IDs: R01HD104756; R01DK123330). All 
authors report no conflicts of interest. 

Author contributions 
JMH and BHF conceived the project and its design. Data collection was performed by BHF, RP, VT, MR, 
HRP, CHP, SNH and JN. Data analysis was performed by BHF, with input from all authors. All authors 
contributed to interpretation of results, writing and editing of the manuscript. 

Data and code availability 
Due to restrictions on sharing protected health information, individual patient data has not been shared. 
Supplemental methods, figures and tables are given in Supplemental File 1. GWAS summary data has 
been uploaded to the GWAS catalog and is available under accession numbers: GCST90292591 (HCT), 
GCST90292592 (HGB), GCST90292593 (MCH), GCST90292594 (MCHC), GCST90292595 (MCV), 
GCST90292596 (PLT), GCST90292597 (RBC), GCST90292598 (RDW), and GCST90292599 (WBC). Data for 
significant hits and loci is given in Supplemental File 2.  Code for calculating of setpoints is included in 
Supplemental File 3. 

 

  

 . CC-BY-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 28, 2023. ; https://doi.org/10.1101/2023.09.26.23296146doi: medRxiv preprint 

https://doi.org/10.1101/2023.09.26.23296146
http://creativecommons.org/licenses/by-nd/4.0/


References 

1. Horton S, Fleming KA, Kuti M, et al. The Top 25 Laboratory Tests by Volume and Revenue in Five 
Different Countries. Am J Clin Pathol. 2019;151(5):446-451. doi:10.1093/AJCP/AQY165 

2. Blood Tests - Blood Tests | NHLBI, NIH. Published March 24, 2022. Accessed July 18, 2023. 
https://www.nhlbi.nih.gov/health/blood-tests 

3. Aarsand A, Fernandez-Calle P, Webster C, et al. The EFLM Biological Variation Database. Accessed 
February 14, 2023. https://biologicalvariation.eu/ 

4. Wang S, Zhao M, Su Z, Mu R. Annual biological variation and personalized reference intervals of 
clinical chemistry and hematology analytes. Clin Chem Lab Med CCLM. 2022;60(4):606-617. 
doi:10.1515/cclm-2021-0479 

5. Garner C, Tatu T, Reittie JE, et al. Genetic influences on F cells and other hematologic variables: a 
twin heritability study. Blood. 2000;95(1):342-346. 

6. Genetic and environmental influences on the size and number of cells in the blood - Whitfield - 1985 
- Genetic Epidemiology - Wiley Online Library. Accessed July 11, 2023. 
https://onlinelibrary.wiley.com/doi/abs/10.1002/gepi.1370020204 

7. Remacha AF, Vilalta N, Sardà MP, et al. Erytrocyte-related phenotypes and genetic susceptibility to 
thrombosis. Blood Cells Mol Dis. 2016;59:44-48. doi:10.1016/j.bcmd.2016.04.006 

8. Williams PT. Quantile-Specific Heritability of Mean Platelet Volume, Leukocyte Count, and Other 
Blood Cell Phenotypes. Lifestyle Genomics. 2022;15(4):111-123. doi:10.1159/000527048 

9. Cohen NM, Schwartzman O, Jaschek R, et al. Personalized lab test models to quantify disease 
potentials in healthy individuals. Nat Med. 2021;27(9):1582-1591. doi:10.1038/s41591-021-01468-6 

10. Jameson JL, Longo DL. Precision medicine--personalized, problematic, and promising. N Engl J Med. 
2015;372(23):2229-2234. doi:10.1056/NEJMsb1503104 

11. Collins FS, Varmus H. A new initiative on precision medicine. N Engl J Med. 2015;372(9):793-795. 
doi:10.1056/NEJMp1500523 

12. Foy BH, Sundt TM, Carlson JCT, Aguirre AD, Higgins JM. Human acute inflammatory recovery is 
defined by co-regulatory dynamics of white blood cell and platelet populations. Nat Commun 2022 
131. 2022;13(1):1-10. doi:10.1038/s41467-022-32222-2 

13. Obermeyer Z, Pope D. Variation in common laboratory test results caused by ambient temperature. 
Med. 2021;2(12):1314-1326.e2. doi:10.1016/j.medj.2021.11.003 

14. Fraser CG. Biological Variation: From Principles to Practice. Amer. Assoc. for Clinical Chemistry; 
2001. 

15. Sterling P. Allostasis: A model of predictive regulation. Physiol Behav. 2012;106(1):5-15. 
doi:10.1016/j.physbeh.2011.06.004 

 . CC-BY-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 28, 2023. ; https://doi.org/10.1101/2023.09.26.23296146doi: medRxiv preprint 

https://doi.org/10.1101/2023.09.26.23296146
http://creativecommons.org/licenses/by-nd/4.0/


16. Cannon WB. The Wisdom of the Body, 2nd Ed. Norton & Co.; 1939. 

17. Exome sequencing and analysis of 454,787 UK Biobank participants | Nature. Accessed July 11, 
2023. https://www.nature.com/articles/s41586-021-04103-z 

18. Vuckovic D, Bao EL, Akbari P, et al. The Polygenic and Monogenic Basis of Blood Traits and Diseases. 
Cell. 2020;182(5):1214-1231.e11. doi:10.1016/j.cell.2020.08.008 

19. Wu P, Gifford A, Meng X, et al. Mapping ICD-10 and ICD-10-CM Codes to Phecodes: Workflow 
Development and Initial Evaluation. JMIR Med Inf 201974e14325 
Httpsmedinformjmirorg20194e14325. 2019;7(4):e14325. doi:10.2196/14325 

20. Xu J, Murphy S, Arias E, Kochanek K. Deaths: Final Data for 2019. National Center for Health 
Statistics; 2021. doi:10.15620/cdc:106058 

21. Birindelli S, Aloisio E, Carnevale A, Brando B, Dolci A, Panteghini M. Evaluation of long-term 
imprecision of automated complete blood cell count on the Sysmex XN-9000 system. Clin Chem Lab 
Med CCLM. 2017;55(10):e219-e222. doi:10.1515/cclm-2016-1176 

22. Park SH, Park CJ, Lee BR, et al. Establishment of Age- and Gender-Specific Reference Ranges for 36 
Routine and 57 Cell Population Data Items in a New Automated Blood Cell Analyzer, Sysmex XN-
2000. Ann Lab Med. 2016;36(3):244-249. doi:10.3343/alm.2016.36.3.244 

23. Hsu S, Selen DJ, James K, et al. Assessment of the Validity of Administrative Data for Gestational 
Diabetes Ascertainment. Am J Obstet Gynecol MFM. 2023;5(2):100814. 
doi:10.1016/j.ajogmf.2022.100814 

24. Polubriaginof FCG, Vanguri R, Quinnies K, et al. Disease Heritability Inferred from Familial 
Relationships Reported in Medical Records. Cell. 2018;173(7):1692-1704.e11. 
doi:10.1016/j.cell.2018.04.032 

25. Das S, Forer L, Schönherr S, et al. Next-generation genotype imputation service and methods. Nat 
Genet. 2016;48(10):1284-1287. doi:10.1038/ng.3656 

26. A global reference for human genetic variation | Nature. Accessed July 11, 2023. 
https://www.nature.com/articles/nature15393 

27. Sollis E, Mosaku A, Abid A, et al. The NHGRI-EBI GWAS Catalog: knowledgebase and deposition 
resource. Nucleic Acids Res. 2023;51(D1):D977-D985. doi:10.1093/nar/gkac1010 

28. Speed D, Holmes J, Balding DJ. Evaluating and improving heritability models using summary 
statistics. Nat Genet. 2020;52(4):458-462. doi:10.1038/s41588-020-0600-y 

29. SNP Heritability | DougSpeed.com. Accessed September 7, 2023. https://dougspeed.com/snp-
heritability/ 

30. Danecek P, Bonfield JK, Liddle J, et al. Twelve years of SAMtools and BCFtools. GigaScience. 
2021;10(2):giab008. doi:10.1093/gigascience/giab008 

 . CC-BY-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 28, 2023. ; https://doi.org/10.1101/2023.09.26.23296146doi: medRxiv preprint 

https://doi.org/10.1101/2023.09.26.23296146
http://creativecommons.org/licenses/by-nd/4.0/


31. Hawkey CM, Bennett PM, Gascoyne SC, Hart MG, Kirkwood JK. Erythrocyte size, number and 
haemoglobin content in vertebrates. Br J Haematol. 1991;77(3):392-397. doi:10.1111/j.1365-
2141.1991.tb08590.x 

32. Computer vision quantitation of erythrocyte shape abnormalities provides diagnostic, prognostic, 
and mechanistic insight | Blood Advances | American Society of Hematology. Accessed September 
12, 2023. https://ashpublications.org/bloodadvances/article/7/16/4621/495680/Computer-vision-
quantitation-of-erythrocyte-shape 

33. Patel KV, Ferrucci L, Ershler WB, Longo DL, Gurainik JM. Red Blood Cell Distribution Width and the 
Risk of Death in Middle-aged and Older Adults. Arch Intern Med. 2009;169(5):515-523. 
doi:10.1001/ARCHINTERNMED.2009.11 

34. Handtke S, Thiele T. Large and small platelets—(When) do they differ? J Thromb Haemost. 
2020;18(6):1256-1267. doi:10.1111/jth.14788 

35. Fulgoni VL III, Agarwal S, Kellogg MD, Lieberman HR. Establishing Pediatric and Adult RBC Reference 
Intervals With NHANES Data Using Piecewise Regression. Am J Clin Pathol. 2019;151(2):128-142. 
doi:10.1093/ajcp/aqy116 

36. Cruickshank JM. Some Variations in the Normal Haemoglobin Concentration. Br J Haematol. 
1970;18(5):523-530. doi:10.1111/j.1365-2141.1970.tb00773.x 

37. Hematological Normal Ranges in Pregnancy | Article | GLOWM. The Global Library of Women’s 
Medicine. Accessed September 7, 2023. http://www.glowm.com/article/heading/vol-8--maternal-
medical-health-and-disorders-in-pregnancy--hematological-normal-ranges-in-pregnancy/id/413403 

38. Antonijević N, Nesović M, Trbojević B, Milosević R. [Anemia in hypothyroidism]. Med Pregl. 
1999;52(3-5):136-140. 

39. Marks PW. Hematologic Manifestations of Liver Disease. Semin Hematol. 2013;50(3):216-221. 
doi:10.1053/J.SEMINHEMATOL.2013.06.003 

40. Wernick B, Cipriano A, Odom SR, et al. Temporal changes in hematologic markers after 
splenectomy, splenic embolization, and observation for trauma. Eur J Trauma Emerg Surg. 
2017;43(3):399-409. doi:10.1007/s00068-016-0679-0 

41. Eichler EE, Flint J, Gibson G, et al. Missing heritability and strategies for finding the underlying 
causes of complex disease. Nat Rev Genet. 2010;11(6):446-450. doi:10.1038/nrg2809 

42. Coşkun A, Carobene A, Kilercik M, et al. Within-subject and between-subject biological variation 
estimates of 21 hematological parameters in 30 healthy subjects. Clin Chem Lab Med CCLM. 
2018;56(8):1309-1318. doi:10.1515/cclm-2017-1155 

43. Adeli K, Higgins V, Nieuwesteeg M, et al. Biochemical marker reference values across pediatric, 
adult, and geriatric ages: establishment of robust pediatric and adult reference intervals on the 
basis of the Canadian Health Measures Survey. Clin Chem. 2015;61(8):1049-1062. 
doi:10.1373/clinchem.2015.240515 

 . CC-BY-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 28, 2023. ; https://doi.org/10.1101/2023.09.26.23296146doi: medRxiv preprint 

https://doi.org/10.1101/2023.09.26.23296146
http://creativecommons.org/licenses/by-nd/4.0/


44. Kassebaum NJ, GBD 2013 Anemia Collaborators. The Global Burden of Anemia. Hematol Oncol Clin 
North Am. 2016;30(2):247-308. doi:10.1016/j.hoc.2015.11.002 

45. Schumacher YO, Saugy M, Pottgiesser T, Robinson N. Detection of EPO doping and blood doping: 
the haematological module of the Athlete Biological Passport. Drug Test Anal. 2012;4(11):846-853. 
doi:10.1002/dta.406 

46. Harris EK, Yasaka T. On the calculation of a “reference change” for comparing two consecutive 
measurements. Clin Chem. 1983;29(1):25-30. doi:10.1093/clinchem/29.1.25 

47. Malka R, Brugnara C, Cialic R, Higgins JM. Non-Parametric Combined Reference Regions and 
Prediction of Clinical Risk. Clin Chem. 2020;66(2):363-372. doi:10.1093/clinchem/hvz020 

48. Cosentino J, Behsaz B, Alipanahi B, et al. Inference of chronic obstructive pulmonary disease with 
deep learning on raw spirograms identifies new genetic loci and improves risk models. Nat Genet. 
2023;55(5):787-795. doi:10.1038/s41588-023-01372-4 

49. Khurshid S, Lazarte J, Pirruccello JP, et al. Clinical and genetic associations of deep learning-derived 
cardiac magnetic resonance-based left ventricular mass. Nat Commun. 2023;14(1):1558. 
doi:10.1038/s41467-023-37173-w 

50. Nauffal V, Di Achille P, Klarqvist MDR, et al. Genetics of myocardial interstitial fibrosis in the human 
heart and association with disease. Nat Genet. 2023;55(5):777-786. doi:10.1038/s41588-023-01371-
5 

 
  

 . CC-BY-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 28, 2023. ; https://doi.org/10.1101/2023.09.26.23296146doi: medRxiv preprint 

https://doi.org/10.1101/2023.09.26.23296146
http://creativecommons.org/licenses/by-nd/4.0/


Figures 

 
Figure 1 | Hematologic setpoints are conserved over decades in states of health. a. A single outpatient 
WBC trajectory over 20yrs, showing marked stability around 6x103/µL with occasional transient 
pathophysiologic disruptions, and a 95% confident interval (4.5-8.1) about half as wide as the adult 
reference interval at the study hospital (4.5-11.0). b. Inter- and intra-patient variation in outpatient 
marker values over 20yrs (long-term) and multiple weeks (short-term); short-term intra-patient 
estimates were derived from the EFLM database. c. Ratio of intra- and inter-patient marker CVs, 
consistently below 0.5 for most markers. D. Long-term intra-patient CV estimates by demographics – 
showing high consistency between groups. e. Long-term PLT trajectories for 500 randomly chosen 
patients, with overall distribution (black) and individual trajectories of three patients with high, 
moderate, and low setpoints. Error bars in b-d reflect 95% confidence intervals on the mean, calculated 
via bootstrapping. Stratification of patient CVs by age and over different lengths of time are given in Fig 
S2-S3. Dotted lines in e reflect the MGH reference interval. Equivalent plots to panel e for RBC and WBC 
are given in Fig S6. 
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Figure 2 | Physiologic associations and determinants of setpoints. a. Correlations between setpoints 
and broader hematologic parameters from the Sysmex XN-9000. b. Comparison of lab marker 
differences across 10 matched patient pairs with setpoint differences. Markers in both a and b were 
ordered by hierarchical clustering. Highlighted values in b reflect those with p<0.05 significance (2-sided 
t-test). Summary characteristics for the Sysmex markers and four prospective cohorts are given in Table 
S4-S5. Note that RDW results in b are limited to 9 patient pairs due to resource constraints (see 
Supplementary Methods for further details).  
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Figure 3 | Setpoint shifts across various pathophysiologic settings. a. Long-term HCT trajectory in a 
patient pre- and post-menopause, illustrating a clear shift in HCT setpoint. b-f. Shifts in patient setpoints 
pre- and post- pathophysiologic events: c. hypothyroidism, d. splenectomy, e. liver disease, f. pregnancy. 
g. Ratio of effect size (mean marker change) estimates when using setpoints compared to a randomly 
chosen single isolated CBCs. h. Ratio of p-values from a t-test of effect sizes using setpoints or isolated 
CBCs, on a log10 scale. Summary characteristics of cohorts in b-f are given in Table S6. Lines in b-f reflect 
unity.  
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Figure 4 | Setpoints reflect a deep phenotype, heightening mechanistic discovery. a-b. Setpoint and 
single CBC correlations between romantic partners (a) and first-degree relatives (b). c. Heritability 
estimates derived from setpoints and single CBCs compared to literature values. d. SNP-heritability 
estimates from a cohort of 25,254 MGB patients, using setpoints and single CBCs.  e. Manhattan plot for 
a GWAS of HGB setpoints in a cohort of ~25,000 MGB patients. f-g. Comparison of p-values (f) and effect 
sizes (g) in GWAS using HGB setpoints and single outpatient values. h. Yield increases in significant hits 
using setpoints comparative to single CBC markers. Dashed lines in f-g correspond to unity. Annotations 
in panel e correspond to nearby genes for highly significant association loci, with red annotations 
corresponding to novel loci. Literature heritability estimates are given in Table S7. Raw data plots for a 
are given in Fig S7-S8. Equivalent plots of panels e-g for other setpoints are given in Fig S9-S10, S16-S17. 
Quintile-quintile plots for each setpoint GWAS are given in Fig S18. A full list of GWAS hits, association 
loci and gene contexts is given in Tables S8-S10.  

 . CC-BY-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 28, 2023. ; https://doi.org/10.1101/2023.09.26.23296146doi: medRxiv preprint 

https://doi.org/10.1101/2023.09.26.23296146
http://creativecommons.org/licenses/by-nd/4.0/


 

Figure 5 | Hematologic setpoints capture significant aspects of patient mortality risk. a. Setpoint 
distributions across cohort stratified by sex. b. 10yr mortality stratified by setpoint quintiles, excluding 
patients with abnormal setpoint values. c-d. Age- and sex-corrected 10y mortality hazard ratios by 
setpoint value (c) and coefficient of variation (d). e. Likelihood of mortality within 1yr given a patient’s 
current WBC count and setpoint. f. Likelihood of future thrombocytopenia (PLT < 150x103/µL) given 
current PLT count and setpoint. g. 10yr age, sex, and setpoint-corrected mortality hazard ratio if the 
current marker is outside the MGH reference interval (blue) or more than ±2std away from the setpoint. 
Results in c-d exclude setpoints outside the MGH reference interval. Results in d were corrected for the 
associated setpoint value. Results in g use the mean intra-patient standard deviations calculated in Fig 
1e. Equivalent results to panels e-f are provided for a range of markers in Fig S14-S15. Results for b over 
different time periods are given in Fig S12.  
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