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Abstract 

Anemias are diverse and cause significant morbidity and mortality, but their mech-

anisms are not fully understood. To unravel this complexity requires understanding 

how hemoglobin and red blood cell function is regulated, and what goes wrong in 

each form of anemia. Anemias present puzzling imbalance between hemoglobin 

(Hb) and the main regulator of red blood cells - the hormone erythropoietin (EPO). In 

some anemias EPO is markedly elevated relative to the degree of anemia, whereas 

in others it is inappropriately low. This variability suggests that the feedback between 

oxygen delivery and erythropoietin production involves mechanisms beyond simple 

oxygen sensing. We developed a minimal mechanistic model of erythropoiesis com-

posed of four coupled differential equations representing erythroid progenitors, mar-

row reticulocytes, circulating RBCs, and plasma EPO. Most parameters were derived 

from experimental measurements and correspond to physiological quantities. Data 

from ~1,830 adults across 36 published studies, encompassing healthy individuals 

and patients with major anemia types, were used to validate the model, along with 

blood-donor recovery cohorts. The model reproduces the near-exponential Hb–EPO 

relationship observed in reference populations, the characteristic trajectory of hemo-

globin recovery after blood loss, and disease-specific deviations through physiolog-

ically plausible parameter changes, without ad hoc fitting. Elevated EPO in aplastic 

anemia emerges from reduced erythroid mass and diminished receptor-mediated 

clearance; chronic kidney disease is consistent with impaired EPO synthesis and 

marrow suppression; anemia of chronic disease arises from reduced progenitor 

differentiation without requiring primary EPO failure; and shortened RBC lifespan 

alone does not lower steady-state EPO in hemolysis. Of potential clinical significance 

is that steady-state erythropoietin levels provide a noninvasive indicator of bone 

marrow activity, with higher levels reflecting reduced erythroid mass and diminished 

receptor-mediated uptake.
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Author summary 

The number of red blood cells in our blood is carefully balanced by a hormone 
called erythropoietin, which is produced by the kidneys. When oxygen levels 
drop, erythropoietin rises to stimulate the bone marrow to make more red blood 
cells. However, in different types of anemia, this balance behaves in unexpected 
ways: some patients have much more erythropoietin than their hemoglobin level 
would suggest, while others have far less. 

We developed a simple mathematical model to understand how this system 
works and why it fails differently in various diseases. The model describes how 
red blood cells mature in the bone marrow and how erythropoietin adjusts their 
production through feedback. Using data from thirty-six studies, we found that 
small changes in a few biological parameters explain the distinct hormone pat-
terns seen in each anemia type. Clinically, our findings suggest that erythropoie-
tin levels may serve as a useful, noninvasive indicator of bone marrow activity in 
health and disease.

Introduction

Red blood cells (RBCs) deliver oxygen to tissues via hemoglobin, which binds oxygen in 
the lungs and releases it in peripheral capillaries. Because tissue injury follows oxygen 
deprivation—within minutes in the brain and heart and hours in peripheral tissues—
precise regulation of RBC production is essential. RBCs normally comprise 40–54% 
of blood volume [1], and deviations in either direction can have pathological conse-
quences: deficiency impairs tissue oxygenation, whereas excess increases blood vis-
cosity and the risk of thrombosis in the brain, heart, and gastrointestinal circulation [2].

The process regulating RBC mass, erythropoiesis, therefore functions as a 
finely tuned homeostatic system—stimulating red cell production during hypoxia and 
restraining it under normoxic conditions. Erythropoiesis proceeds through multiple 
stages, beginning with hematopoietic stem cells (HSCs) and culminating in mature 
erythrocytes. A key regulatory checkpoint occurs at the colony-forming unit–erythroid 
(CFU-E) stage, where progenitor cells can self-renew, differentiate, or undergo apop-
tosis. The hormone erythropoietin (EPO) serves as the principal dominant survival 
signal at this stage, preventing apoptosis of CFU-E cells and enabling their progres-
sion through the erythroid lineage [3,4].

EPO is a glycoprotein produced primarily by peritubular fibroblasts in the renal 
cortex [5–7]. These cells lie near the hypoxic medullary boundary, positioning them 
to sense minute changes in oxygen availability and rapidly expand the population of 
EPO-producing cells when oxygen delivery falls [8]. Under normoxia, low basal EPO 
levels (5–30 mU/mL) sustain steady-state erythropoiesis [9], whereas reductions in 
tissue oxygen tension (e.g., hypoxia, hemorrhage, or hemolysis) can trigger a more 
than a hundredfold increase in EPO, leading to as much as an eight-fold rise in RBC 
production [10].
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This response is mediated by the hypoxia-inducible factor (HIF) pathway, the master regulator of oxygen-dependent 
gene expression. During hypoxia, stabilized HIF-α subunits dimerize with HIF-β and activate transcription of EPO and 
other hypoxia-responsive genes, generating a steep, nonlinear relationship between oxygen tension and EPO output. The 
resulting increase in circulating EPO stimulates erythroid progenitors in the bone marrow by binding to the homodimeric 
EPO receptor (EPOR) on CFU-E cells and proerythroblasts [11,12], triggering intracellular pathways that promote prolifer-
ation and inhibit apoptosis [4,13].

Together, these mechanisms constitute a negative feedback loop: a drop in RBC mass reduces tissue oxygenation, 
activating renal EPO production, which restores erythropoiesis and oxygen delivery. Conversely, RBC excess suppresses 
EPO synthesis, limiting further production. EPO is cleared rapidly from plasma through receptor-mediated endocytosis 
and lysosomal degradation [14–16], with a half-life of only a few hours.

Anemia represents one of the most prevalent disruptions of the erythropoietic system, affecting an estimated 28.2% 
of the global population [17]. Despite EPO being the principal regulator of red blood cell production, circulating EPO 
levels show remarkable variability for a given hemoglobin concentration. This might explain why EPO measurement is 
not routinely used for diagnosing anemia, guiding therapy selection, or monitoring treatment response. The high variabil-
ity arises from both biological and methodological sources. EPO secretion displays diurnal variation [18] and reported 
values reflect the use of diverse assay methodologies with differing sensitivities and specificities. This variability contrasts 
with other endocrine systems governed by negative feedback loops—such as the thyroid axis, where thyroid-stimulating 
hormone (TSH) reliably reflects thyroid hormone status [19,20] and suggests that EPO regulation involves complex 
dynamics beyond simple oxygen feedback. Accordingly, in the present work we do not interpret individual EPO measure-
ments as precise physiological setpoints. Instead, despite substantial variability in individual measurements, systematic 
deviations from the physiological EPO–hemoglobin relationship define reproducible, disease-specific patterns that can 
inform context-dependent interpretation of EPO levels at both the population and individual level and form the basis of the 
model’s interpretation.

Mathematical modeling has become a valuable tool for investigating and quantifying the regulatory mechanisms 
underlying physiological processes and can help to capture its essential feedback loops and cell-population dynamics into 
tractable equations [21–25]. Although erythropoiesis is well characterized biologically, most existing mathematical mod-
els remain limited in scope or applicability. Many focus on specific subsystems—such as intracellular signaling, progen-
itor proliferation, or iron metabolism—resulting in detailed models composed of dozens of coupled equations and large 
parameter sets [16,26–31]. These models often rely on parameter values that are estimated or fitted post hoc, rather than 
grounded in experimentally measured data, limiting their interpretability, generalizability, and biological transparency.

A more precise understanding of EPO dynamics could enhance diagnostic accuracy, enable earlier assessment of ther-
apeutic efficacy—since changes in EPO levels have been observed to precede corresponding changes in hemoglobin, 
both during recovery from anemia [9,32] and following marrow-suppressive insults [33]- and support individualized dosing 
of exogenous EPO based on each patient’s EPO level.

Here we present a deliberately simplified, physiologically grounded model of erythropoiesis that integrates erythroid 
progenitor, reticulocyte, and RBC dynamics with EPO regulation. All but two parameters correspond to a measurable 
physiological quantity derived from experimental data rather than post hoc fitting, enhancing transparency and reproduc-
ibility. Despite its simplicity, the model captures key clinical behaviors of the EPO–hemoglobin system across health and 
multiple anemia types, providing a framework for testing mechanistic hypotheses, interpreting clinical observations, and 
identifying potential therapeutic interventions.

To construct and evaluate the model, we assembled a dataset of published EPO and hemoglobin values in healthy 
individuals and patients with the major anemia subtypes. While we are able to test the model’s dynamic aspects against 
recovery from blood loss, future work remains in validating it against other erythropoietic dynamics, such as recovery from 
chemotherapy.
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Results

Classification of anemias by erythropoietin level

Anemia is defined as a hemoglobin level below 13 g/dL in males or 12.5 g/dL in females.
Several classification schemes exist, but a particularly useful one is based on bone marrow proliferative activity. In 

hypoproliferative anemias, the bone marrow fails to generate an adequate number of red blood cells (RBCs), whereas in 
hyperproliferative anemias, the marrow responds appropriately to the low hemoglobin by increasing RBC production, but 
peripheral losses, such as hemorrhage or hemolysis, cause the anemia.

A complementary classification, central to this work, is based on circulating erythropoietin (EPO) levels [8]. Different 
types of anemia disrupt the EPO-hemoglobin feedback loop in characteristic ways, such that for a given hemoglobin con-
centration, the corresponding EPO level may deviate from what is physiologically expected (Fig 1). A summary of clinical 

Fig 1.  Distinct EPO–hemoglobin feedback patterns characterize major anemia subtypes. Relationship between serum erythropoietin (EPO) 
levels and hemoglobin concentrations across clinical anemia states. Each point represents an individual measurement extracted from published studies 
(sources listed in Tables 2–7). The black line indicates the baseline log-linear EPO–hemoglobin relationship (“Normal fit”), derived from reference pop-
ulations defined in the original studies, which typically included healthy individuals and patients with iron deficiency anemia, as described in the section 
The physiological EPO–hemoglobin relationship. The gray shaded areas represent the physiological ranges of hemoglobin and EPO.

https://doi.org/10.1371/journal.pcbi.1014111.g001
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conditions and their typical EPO deviations is presented in Table 1. Detailed analyses of each anemia subtype are pre-
sented in the subsequent sections.

Previous studies have characterized this deviation using the observed-to-predicted (O/P) ratio, which compares mea-
sured EPO levels to those expected based on hemoglobin concentration [34]. In healthy reference subjects, the O/P ratio 
typically falls within a 95% confidence interval ranging from 0.80 to 1.22 [35]. For each disease multiple explanations were 
suggested to explain the altered EPO dynamics. In the subsequent sections, we examine each proposed mechanism and 
test it against the predictions of our mathematical model.

This classification is not only diagnostic but also has therapeutic implications. Anemias associated with elevated EPO 
levels are generally less likely to benefit from exogenous EPO therapy, whereas anemias with inappropriately low 
EPO levels are more likely to respond to treatment [34,36]. For instance, clinical response to recombinant human 
erythropoietin (rhEPO) has been documented in patients with chronic kidney disease, cancer-related anemia [37], and 
AIDS-related anemia secondary to antiviral therapy [10] - all conditions with low EPO.

Notably, Ludwig et al. [38] found baseline EPO levels to be the only variable predictive of subsequent response to 
rhEPO. However, rhEPO treatment is not without risk: the most significant adverse effect is an increased incidence of 
thrombotic events—a risk that is often already elevated in the underlying disease itself. This underscores the importance 
of identifying patients most likely to benefit from EPO therapy and avoiding unnecessary treatment in others.

In this study, we use mathematical modeling to investigate how various diseases perturb erythropoiesis and the  
EPO–RBC feedback system. Rather than replicating disease-specific molecular details, our model abstracts common 
mechanistic themes to reveal generalizable features across anemia subtypes. This approach provides a framework for 
understanding the functional consequences of disease-driven alterations in erythropoietic regulation.

Table 1.  Classification of anemias by deviation of erythropoietin levels from expected values.

EPO is higher than expected EPO as expected EPO is lower than expected

Hypoplastic & aplastic anemia (AA) Healthy population Anemia of chronic disease (ACD)

Cytotoxic therapy [33,39] Iron deficiency anemia (IDA) Anemia secondary to CKD

Hemolytic anemia (HA)

https://doi.org/10.1371/journal.pcbi.1014111.t001

Table 2.  Summary of published reference data on hemoglobin and erythropoietin levels used to define the physiological  
EPO–hemoglobin relationship.

Study N Hemoglobin (g/dL) EPO (U/L) Method

Artunc et al. [44] 140 11.9± 3.74 40.14[4.3, 51.8] ELISA

Beguin, Yves, et al. [35] * 31 15.3± 1.2 14.1 RIA

Bergamaschi, Gaetano, et al. [45] 34 9.05± 1.8 259[30.8, 120.4] ELISA

Erslev, A. J., et al. [43] 33 14.42± 0.95 6.5[2.8, 8.5] bioassay

Schrezenmeier et al. [54] 24 13.62± 1.5 10.3[8.2, 12.7] ELISA

Schreiber, Stefan, et al. [55] 42 13.2± 2.3 73.37[11.8, 110.3] RIA

Wallner, S. F., et al. [56] 19 15.25± 1.1 88.47[8.6, 30.2] bioassay

The table summarizes the reported number of participants (N), hemoglobin levels (mean ± standard deviation, g/dL), EPO levels (mean and interquar-
tile range [25%, 75%], U/L), and assay methods used (RIA, ELISA, or bioassay) in each study. The reference population typically consisted of healthy 
individuals or subjects without known hematologic disorders.

*This study reported only summary statistics and did not provide the raw data; therefore, it is included in the table but not in the figure below.

https://doi.org/10.1371/journal.pcbi.1014111.t002
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The mathematical model

Our model is composed of 4 differential equations that describe the change of the basic components of the system over 
time. The structure of the erythropoietic feedback loop and its correspondence to the mathematical formulation are illus-
trated in Fig 2. Three of the equations describe the change in different maturation levels of the RBCs: CFU-E Hematopoi-
etic stem cells including progenitors (denoted H(t)), Reticulocytes in the bone marrow (R(t)) and RBCs in the peripheral 
blood (C(t)). These three compartments were chosen as a minimal coarse-graining that captures the dominant regulatory 
feedback and timescales of erythropoiesis: EPO-dependent control at the progenitor stage, short-timescale buffering via 
reticulocyte release, and long-timescale integration through circulating red blood cell mass, while intermediate maturation 
stages primarily contribute finite transit times. Notably, the reticulocyte variable R(t) represents the marrow reticulocyte 
pool rather than the circulating reticulocytes measured in routine clinical assays; the latter can be inferred from the model 

Table 3.  Summary of published data on hemoglobin and erythropoietin levels in aplastic anemia.

Study N Hemoglobin (g/dL) EPO (U/L) Method

Beguin, Yves, et al. [35] * 11 11.3± 3 88.9 RIA

Das, RE Gaines, et al. [57] 41 9.1± 2.1 1206[268.7, 1011.3] RIA

Cazzola, Mario, et al. [9] 27 8.3± 1.5 1614[482, 2131.3] RIA

Erslev AJ et al. [58] 20 7.2± 2 3671[1067.7, 4031.1] Bioassay

Schrezenmeier et al. [54] 69 8.03± 1.9 2359[316.23, 2187.8] ELISA

Fattizzo, Bruno, et al. [48] 32 9.1± 1.5 658[277.3, 776.9] ELISA+

Jelkmann et al. [59] 22 7.94± 1.7 2291.5[576.1, 1353.3] RIA

The table summarizes the reported number of participants (N), hemoglobin levels (mean ± standard deviation, g/dL), EPO levels (mean and interquartile 
range [25%, 75%], U/L), and assay methods used (RIA, ELISA, or bioassay) across studies of patients with aplastic anemia. These data collectively 
illustrate that EPO concentrations are markedly elevated relative to hemoglobin levels, defining the characteristic deviation of aplastic anemia from the 
physiological EPO–hemoglobin relationship.

*This study reported only summary statistics and did not provide the raw data; therefore, it is included in the table but not in the figure below.

+The authors did not explicitly state the method used; however, based on the context, it appears that an ELISA-based assay was employed.

https://doi.org/10.1371/journal.pcbi.1014111.t003

Table 4.  Published data on hemoglobin and erythropoietin levels in anemia secondary to chronic kidney disease.

Study N Hb (g/dL) EPO (U/L) Method

Beguin, Yves, et al. [35]* 15 7.2± 1.13 15 RIA

Mason-Garcia, Meredith, et al. [78] * 36 8.63± 0.22 29.5 RIA

Gowanlock, Zachary et al. [79] ^* 25 9.66 25.1 ELISA

McGonigle, Richard JS, et al. [68] 60 11.4± 2.5 33[19.1, 28] RIA

Fehr et al. [72] 95 12.4± 1.7 15.7[7.9, 19.15] ELISA

Caro, Jaime, et al. [80] 14 8.4± 1.5 17.8[] bioassay

Erslev, A. J., et al. [43] 24 8.9± 2.3 11.3[2.8, 17.1] bioassay

Radtke, Heinz W., et al. [81] 88 10.95± 2.3 239.8[180.8, 274] bioassay

The table summarizes the reported number of participants (N), hemoglobin levels (mean ± standard deviation, g/dL), EPO levels (mean and interquartile 
range [25%, 75%], U/L), and assay methods used (RIA, ELISA, or bioassay) across studies of patients with chronic kidney disease (CKD). Together, 
these data show that EPO concentrations are inappropriately low relative to hemoglobin levels, defining the characteristic deviation of anemia of CKD 
from the physiological EPO–hemoglobin relationship.

*This study reported only summary statistics and did not provide the raw data; therefore, it is included in the table but not in the figure below.

^ The researchers reported only mean values, without providing standard deviations.

https://doi.org/10.1371/journal.pcbi.1014111.t004
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Table 5.  Published data on hemoglobin and erythropoietin levels in hemolytic anemia.

Study N Hemoglobin (g/dL) EPO (U/L) Method

Beguin, Yves, et al. [35] * 40 10.3± 2.3 66.6 RIA

Cazzola, et al. [9] 28 8± 1.3 215.3[140.9, 244.1] RIA

Fattizzo, Bruno, et al. [48] + 26 8.36± 1.5 100.9[22, 65] ELISA

Schrezenmeier et al, [54] 16 8.36± 2.4 225.6[40, 358.4] ELISA

Sherwood, Judith B., et al. [47] 14 8.25± 2.2 253.7[205, 238.6] RIA

Morgan, Anthony G., et al. [49] 31 8.8± 4.4 6.9[5.9, 8.3] Bioassay

Alexanian, Raymond. [65] 10 7.8± 1 7.4[1.6, 5] Bioassay

Theurl, Igor, et al. [84] 10 10.14± 1.3 68.9[36.2, 90.4] ELISA

Camaschella et al. [50] 30 8.4± 1.2 174.8[77, 205.2] ELISA

The table summarizes the reported number of participants (N), hemoglobin levels (mean ± standard deviation, g/dL), EPO levels (mean and interquar-
tile range [25%, 75%], U/L), and assay methods used (RIA, ELISA, or bioassay) across studies of patients with hemolytic anemia (HA). Reported EPO 
concentrations vary among studies but generally fall within the physiologic range expected for the observed hemoglobin levels, indicating that the EPO 
response to anemia in HA is proportionate and not suppressed.

*This study reported only summary statistics and did not provide the raw data; therefore, it is included in the table but not in the figure below.

+The authors did not explicitly state the method used; however, based on the context, it appears that an ELISA-based assay was employed.

https://doi.org/10.1371/journal.pcbi.1014111.t005

Table 6.  Published data on hemoglobin and erythropoietin levels in anemia of chronic disease.

Study N Hemoglobin (g/dL) EPO (U/L) Method

Baer, Alan N., et al. [87] 41 10.07± 1.5 38.4[18, 41] RIA

Bergamaschi, Gaetano, et al. [45] 9 9.4± 1.4 9.8[6.3, 11.9] ELISA

Birgegård et al. [33] 13 10.94± 1.4 57.6[15, 45] RIA

Camacho, J., et al. [113] 15 10.1± 1 17[10.5, 21.6] ELISA

Cox et al. [114]^* 12 10.4± 0.9 2100 bioassay

Erslev AJ et al. [58] 17 7.8± 0.7 60.9[25.6, 74.6] RIA

Gowanlock, Zachary et al. [79] ^* 31 10 16 ELISA

Hochberg et al. [115] 44 11.1± 0.9 27.8[18.4, 29.1] RIA

Kendall, R., et al. [116] 51 10.2± 1.4 31.9[18.1, 38.3] RIA

Miller, Carole B., et al. [97] 66 10.3± 1.13 41.7[33.6, 48.1] RIA

Nielsen, Ove Juul, et al. [117] 12 11.5± 4.3 63[47.5, 80.2] RIA

Pincus, Theodore, et al. [109] 17 10.16± 0.87 29.3[16, 38] immunoassay

Schett, G., et al. [106] 83 11.97± 1.6 24.8[6.6, 21.7] ELISA

Schreiber, Stefan, et al. [55] 52 12.24± 1.9 39.6[16.9, 33.4] RIA

Spivak, Jerry L., et al. [118] 63 10.37± 1.6 24.2[12.5, 30.6] RIA

Theurl, Igor, et al. [84] 9 9.75± 1.66 37.4[10.4, 44.2] ELISA

Vreugdenhil, G., et al. [119] ^* 5 10.1 15 RIA

Wood, et al. [120] 26 12.33± 1.3 37.8[16.2, 61.4] immunoassay

The table summarizes the reported number of participants (N), hemoglobin levels (mean ± standard deviation, g/dL), EPO levels (mean and interquartile 
range [25%, 75%], U/L), and assay methods used (RIA, ELISA, or bioassay) across studies of patients with anemia of chronic disease (ACD). Reported 
EPO levels vary among studies, but in most cases they are within or only modestly below the range expected for the observed hemoglobin values.

*This study reported only summary statistics and did not provide the raw data; therefore, it is included in the table but not in the figure below.

^ The researchers reported only mean values, without providing standard deviations.

https://doi.org/10.1371/journal.pcbi.1014111.t006
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variables through standard clinical estimates of release and maturation rates [14], see the supporting information S2 File. 
The last equation describes Erythropoietin level in the blood in units of U/L.

The basic structure of all the equations is identical: dX/dt = production term - removal term.

	

dH(t)
dt

= a
(
E(t)

)
· H(t) ·

(
1 –

H(t)
Hmax

)
– d(E(t)) · H(t)

	 (1)

Fig 2.  Schematic representation of the erythropoietic feedback loop and its mathematical formulation. (a) Conceptual overview of the physiological 
feedback regulating erythropoiesis. Hypoxia in the kidney activates HIF, stimulating erythropoietin (EPO) production, which promotes erythroid progenitor pro-
liferation and differentiation in the bone marrow. Newly produced red blood cells (RBCs) restore oxygen levels, completing the feedback loop. (b) Correspond-
ing structure of the mathematical model. Each node represents a compartment: erythropoietin (E), erythroid progenitors (H), reticulocytes (R), and circulating 
red blood cells (C). Arrows indicate production or transition rates, with parameters (a, d, γ

C
, γ

R
, D, σ

max
) corresponding to specific biological processes.

https://doi.org/10.1371/journal.pcbi.1014111.g002

Table 7.  Published data on hemoglobin and erythropoietin levels in iron deficiency anemia.

Study N Hb (g/dL) EPO (U/L) Method

Schrezenmeier et al. [54] 23 7.9± 1.9 1017.9[82.3, 380.6] ELISA

Bergamaschi, Gaetano, et al. [45] 44 10.6± 1.3 46.4[13.6, 43.9] ELISA

Gowanlock, Zachary et al. [79] ^* 59 9.56 102.4 ELISA

Hochberg et al. [115] 17 10± 1.5 63.5[20.5, 38.2] RIA

Kendall, R., et al. [116] 54 8.45± 1.8 92.5[38.5, 139.6] RIA

Miller, Carole B., et al. [97] 21 9.8± 1.3 112.7[35.4, 71.7] RIA

Spivak, Jerry L., et al. [118] 23 10.3± 2 52.3[21.9, 61.6] RIA

Theurl, Igor, et al. [84] 32 10.6± 1.2 19.6[8.4, 24.5] ELISA

Vreugdenhil, G., et al. [119] ^* 9 9.5 60 RIA

The table summarizes the reported number of participants (N), hemoglobin levels (mean ± standard deviation, g/dL), EPO levels (mean and interquartile 
range [25%, 75%], U/L), and assay methods used (RIA, ELISA, or bioassay) across studies of patients with iron deficiency anemia (IDA). Reported EPO 
concentrations are generally consistent with the expected physiological relationship between hemoglobin and EPO.

^The researchers reported only mean values, without providing standard deviations.

*This study reported only summary statistics and did not provide the raw data; therefore, it is included in the table but not in the figure below.

https://doi.org/10.1371/journal.pcbi.1014111.t007
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dR(t)
dt

= d(E(t)) · H(t) – γR(C(t)) · R(t)	 (2)

	
dC(t)
dt

= γR(C(t)) · R(t) – γc · C(t)
	 (3)

	
dE(t)
dt

= σE · exp(–C(t)
D

) – γE · H(t) · E(t)
	 (4)

Here, a(E) and d(E) are Michaelis-Menten functions representing the EPO-dependence of the proliferation rate of progeni-
tors a(E) = amax·E

Ka+E
, and their differentiation rate into reticulocytes d(E) = dmax·E

Kd+E
.

γ
R
(C) is the rate at which reticulocytes mature in the bone marrow. It is the inverse of the time reticulocytes spend in the 

bone marrow 1
mR·C+nR  [14].

RBC clearance is represented by a single effective degradation rate (γ
C
), corresponding to the mean RBC lifespan; 

this constitutes a mean-field approximation of RBC age-dependent clearance [40–42] intended for steady-state analysis. 
The factor (1 – H(t)

Hmax
) provides a carrying capacity to H in the bone marrow, limiting stem cell expansion as the population 

approaches its physiological maximum H
max

.
Notably, the erythropoietin (EPO) equation includes an endocytosis-based clearance term, since EPO is primarily 

removed from the circulation via receptor-mediated uptake by H.
Although in the present study γ

R
(C) and γ

C
 were perturbed only in specific disease simulations, the model formulation 

allows both reticulocyte maturation and red blood cell turnover to be dynamically modulated, enabling future exploration of 
context-dependent regulation beyond the steady-state scenarios considered here.

The value of all parameters, except d
max

, K
d
, were based on experimental measurements, although H

max
 has only been 

measured indirectly and with large margins of error. The value of γ
E
 was derived by combining the experimentally mea-

sured total EPO removal rate [15] with steady-state EPO and progenitor mass estimates, assuming receptor-mediated 
endocytosis as the dominant clearance mechanism [15,16]. The detailed calculation is shown in the supporting informa-
tion S1 File.

A more complex version of the model (which we use to model dynamical data) also includes a delay, τ
R
[s], that 

describes the time it takes for the CFU-E cells to mature into reticulocytes dR(t)dt = d(E(t – τR )) · H(t – τR) – γR(C(t)) · R(t).

The model’s steady state

Using the dynamical equations describing the variables (H, R, C, E) of the model, we can derive its steady-state (H
st
, R

st
, 

C
st
, E

st
) by setting each of the equations to zero. This results in the following:

	
Hst = Hmax ·

[
1 –

d(Est)
a(Est)

]

	 (5)

	
Rst =

d(Est) · Hst

γR(Cst) 	 (6)

	
Cst =

γR(Cst) · Rst

γc
=
d(Est) · Hst

γc 	 (7)
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Est =

σE
γE · Hst

· exp(–Cst

D
)
	 (8)

From the expression for EPO in steady state, Eq. (8), it is seen that the intercept of the loglinear relation between EPO 
and hemoglobin will be shifted if any of the parameters variables σ

E
, H

st
 or γ

E
 change. As we show below, this equation 

can explain the EPO levels seen in different clinical scenarios at the same hemoglobin value without the need for the com-
plicated explanations often used in the literature. The correspondence between clinical anemia subtypes and the primary 
steady-state parameter shifts predicted by the model is summarized in Table 8.

To simulate different clinical conditions, we modified specific model parameters as outlined in Table 9. Each scenario 
reflects physiologically relevant perturbations and the magnitude of the change was chosen to best fit the hemoglobin 
values characterized in the disease. The rationale for each modification, grounded in the underlying pathophysiology, is 
detailed in the following sections. Model fit was evaluated using the Wasserstein distance in units of standard deviation 
[51] (see Materials and Methods for details).

We compiled a dataset of published erythropoietin (EPO) and hemoglobin (Hb) levels in adult humans. No exclusion 
criteria were applied during literature search, allowing inclusion of all available sources. In total, we aggregated measure-
ments from approximately 1,830 individuals reported across 36 published studies. Reported EPO values show wide vari-
ability, reflecting both biological heterogeneity and methodological differences among studies; this variability was explicitly 
considered when assembling the dataset and evaluating model performance.

Recovery following blood loss

We first examined the behavior of the model under an acute blood loss of 0.5 L, equivalent to the volume removed 
during a standard blood donation. The simulation began at steady state, and at time t = 50 days, a sudden loss of 0.5 L 
of blood was introduced. This perturbation resulted in a rapid decline in hemoglobin levels, followed by a sharp rise in 

Table 9.  Parameter perturbations used to simulate anemia subtypes in the erythropoiesis model.

Disease Major pathology Change in parameters

Hypoplastic & Aplastic Anemia (AA) Reduced bone marrow capacity for HSCs Hmax → Hmax/7

Anemia secondary to CKD Reduced EPO production σE → σE/100;
D → D · 10;
Hmax → Hmax/2

Hemolytic Anemia (HA) Reduced RBC lifespan γC → 4.8 · γC
Anemia of chronic disease (ACD) Reduced HSC maturation dmax → dmax/4

Iron deficiency anemia (IDA) Reduced HSC maturation dmax → dmax/3;
amax → amax/3

https://doi.org/10.1371/journal.pcbi.1014111.t009

Table 8.  Mapping of clinical anemia subtypes to primary steady-state parameter shifts predicted by the erythropoiesis model.

No change Lower σE
Lower Hst High Hst

Healthy population Anemia secondary to CKD Hypoplastic & aplastic anemia Anemia of chronic disease (ACD)

Iron deficiency anemia (IDA) Cytotoxic therapy

Hemolytic anemia (HA)*

* The current information in the literature [47–50] argues that HA shows a low level of EPO relative to the degree of anemia. As we show below, this 
seems unsubstantiated by the rest of the data points, as well as our model.

https://doi.org/10.1371/journal.pcbi.1014111.t008
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erythropoietin (EPO) concentration (Fig 3a). The elevated EPO level stimulated increased red blood cell (RBC) produc-
tion, eventually restoring hemoglobin to its baseline value within about a month.

To evaluate the accuracy of the model’s predictions, we compared the simulated hemoglobin recovery trajectory to 
experimental data from a study by Kiss et al.[52], which investigated hemoglobin dynamics following blood donation. We 
focused on the subgroup of participants with high baseline ferritin who received iron supplementation, in order to match 
the iron-replete conditions assumed in our simulation. Accordingly, this analysis isolates erythropoietic recovery driven 
primarily by EPO-mediated feedback, whereas iron limitation - which is known to contribute substantially to inter-individual 
variability in hemoglobin recovery after blood donation [53] - is not explicitly considered here. Using this dataset, we 
reconstructed the time course of hemoglobin recovery. As shown in Fig 3b, the model accurately reproduced the qualita-
tive pattern of recovery. Quantitatively, the simulation predicted 80% hemoglobin restoration at 37.5 days, roughly match-
ing the experimental value of 31 ± 2 days.

Next, for each anemia type, we present a summary table compiling the available data on hemoglobin and erythropoietin 
(EPO) levels specific to that condition. For each dataset, we calculated the mean and standard deviation of hemoglobin, 
and the mean and interquartile range of EPO. These results are followed by graphical comparisons between the exper-
imental data and the corresponding model simulations, illustrating the model’s ability to reproduce observed patterns 
across different anemia states.

The physiological EPO–hemoglobin relationship

The composition of the reference group varied across studies but generally included two main subpopulations: healthy 
individuals representing the normal hemoglobin range (i.e., 12–15 g/dL), and patients with iron deficiency anemia account-
ing for most of the anemic values. These two groups collectively defined the physiological spectrum of erythropoietin 
responses. This reference population was used to construct the baseline log-linear relationship between erythropoietin 

Fig 3.  Simulated and experimental trajectories of recovery following blood loss. (a) Simulated hemoglobin (red) and erythropoietin (green) levels 
following an acute perturbation corresponding to a 0.5-L blood loss at t = 50 days. (b) Comparison between simulated hemoglobin dynamics (dashed 
line) and experimental data from Kiss et al. [52] (solid line, mean ± range).

https://doi.org/10.1371/journal.pcbi.1014111.g003
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(logEPO) and hemoglobin, against which deviations in other anemic conditions were compared in the remainder of this 
study.

Fig 4 illustrates the strong concordance between the model and empirical data across the physiological range of hemo-
globin levels. The Wasserstein distance was 0.6 standard deviations (see Methods), indicating similarity between the two 
distributions.

Aplastic anemia

Aplastic anemia (AA) is a form of bone marrow failure characterized by pancytopenia and a markedly hypocellular mar-
row. Hematopoietic stem cells (HSCs) are severely reduced or absent, often due to immune-mediated destruction trig-
gered by factors such as radiation, drugs, or viral infections. As a result, the production of red blood cells (RBCs), white 
blood cells, and platelets is profoundly impaired. The anemia associated with AA is typically severe, as the bone marrow is 
unable to mount an adequate erythropoietic response, even under strong hypoxic stimuli.

In AA, erythropoietin (EPO) levels are significantly elevated for any given hemoglobin (Hb) concentration compared to 
other types of anemia [9,35,48,54,57–59]. This finding is consistent even among patients in hematologic remission [54].

Several hypotheses have been proposed to explain this exaggerated EPO response.
One possibility is that the production of inflammatory cytokines, particularly interleukin-1 (IL-1) and tumor necrosis  

factor-alpha (TNF-α), reduces the oxygen dependency of EPO synthesis [60]. However, this explanation appears unlikely, 
as diseases associated with high IL-1 levels, such as rheumatoid arthritis and chronic infections, typically show sup-
pressed rather than elevated EPO responses. Furthermore, studies have reported low IL-1 levels in patients with AA [61].

A second proposed mechanism is EPO resistance, where impaired responsiveness of erythroid progenitors to EPO 
leads to compensatory elevations in circulating EPO levels [62].

A third explanation is based on reduced EPO clearance due to diminished erythroid mass. Under this hypothesis, 
lower erythroid activity reduces receptor-mediated EPO removal, resulting in higher plasma EPO concentrations [54]. 

Fig 4.  The physiological relationship between hemoglobin and erythropoietin levels. Comparison of the simulated EPO–hemoglobin rela-
tionship (dark blue points, n = 150) with experimental data from 292 individuals across reference populations (blue points). The regression line 
derived from empirical data (black line) defines the baseline log-linear relationship between log(EPO) and hemoglobin. This line serves as the physiolog-
ical reference used in subsequent comparisons with pathological conditions.

https://doi.org/10.1371/journal.pcbi.1014111.g004
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Supporting this idea, some studies have observed an inverse correlation between EPO levels and markers of erythroid 
activity, such as serum transferrin receptor (sTfR) concentrations [9]. However, other studies did not confirm this associa-
tion [63–65], suggesting that the mechanisms underlying EPO elevation in AA may be multifactorial.

We model this disease by reducing the bone marrow’s maximal capacity for erythroid progenitor cells, achieved by 
decreasing Hmax  to one-seventh of its baseline value, H′

max = Hmax/7 (see Table 9). Given the model’s coarse-grained 
structure, H

max
 represents an aggregate erythropoietic capacity, and a large reduction may reflect simplification rather than 

near-complete loss of a single biological process.
The simulation results aligned with the experimental observations, yielding a Wasserstein distance of 0.67 standard 

deviations (whereas the distance between the disease model and the healthy population was 8.5 standard deviations, 
indicating a substantially poorer match).

These findings support the hypothesis that reduced erythroid activity is the dominant contributor to the elevated EPO lev-
els observed in aplastic anemia. While alternative mechanisms, such as cytokine-mediated modulation or EPO resistance, 
may contribute to some extent, modeling them as the primary effect—via changes in EPO production parameters such as 
σE  and D, or in parameters associated with EPO clearance—results in either substantially lower EPO levels for a given 
hemoglobin range or unrealistically high hemoglobin values for the observed EPO distribution, depending on the direction 
of the perturbation. This supports modeling aplastic anemia primarily through a reduction in erythroid mass (Hmax), which 
indirectly decreases receptor-mediated EPO clearance while maintaining low hemoglobin.

Moreover, these findings support a role of receptor-mediated endocytosis by erythroid precursors as a mechanism 
contributing to EPO clearance.

Fig 5.  The model reproduces the elevated erythropoietin response characteristic of aplastic anemia. Comparison of simulated data (dark points, 
n = 200) with experimental measurements of log(EPO) versus hemoglobin from 211 patients with aplastic anemia (orange points). The solid black line 
represents the reference log-linear EPO–hemoglobin relationship derived from non-anemic populations. Both the empirical and simulated data show 
EPO levels that are markedly higher than expected for a given hemoglobin concentration, consistent with reduced erythroid mass and impaired EPO 
clearance in aplastic anemia.

https://doi.org/10.1371/journal.pcbi.1014111.g005
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Anemia secondary to chronic kidney disease

Anemia secondary to chronic kidney disease (CKD) is a common early complication, typically presenting as normochro-
mic, normocytic anemia with hypoproliferative bone marrow. It usually emerges when the glomerular filtration rate (GFR) 
falls below 60 mL/min/1.73 m², with severity correlating with the degree of renal impairment [44,66]. In CKD patients, ane-
mia significantly reduces quality of life and is associated with increased cardiovascular and all-cause mortality [67].

The cause of anemia in CKD is multifactorial and includes EPO deficiency, iron deficiency from chronic blood loss or 
reduced gastrointestinal absorption, impaired utilization of iron stores due to elevated hepcidin levels, systemic inflam-
mation, suppression of bone marrow by uremic toxins [68,69], shortened red blood cell lifespan [70], and deficiencies in 
vitamin B12 or folate [71].

Several studies have shown that while erythropoietin (EPO) levels in CKD patients are elevated compared to healthy 
individuals, they remain inappropriately low relative to the degree of anemia [44,66]. In advanced CKD, EPO production 
becomes largely independent of hemoglobin levels [72]. The mechanisms underlying EPO deficiency in CKD remain 
incompletely understood.

Several hypotheses have been proposed, including direct injury and fibrosis of the peritubular fibroblasts responsible for 
EPO production; a rightward shift in oxygen-sensing sensitivity due to chronically reduced renal perfusion [73]; accumulation 
of uremic toxins; and urinary loss of EPO caused by impaired tubular reabsorption. While the latter has been demonstrated 
in nephrotic syndrome [74], it is unlikely to represent a major contributor in CKD, as EPO clearance by the kidney is consid-
ered minor [75], and EPO secretion rates have been shown to be similar in uremic and healthy individuals [76].

Importantly, this defect in EPO production appears to be at least partially reversible: native kidney EPO secretion often 
recovers following successful kidney transplantation [77].

Experimental data comparing patients with chronic kidney disease (CKD) to healthy individuals demonstrate a reduc-
tion in both the slope and the intercept of the log(EPO) versus hemoglobin relationship [44]. In our model, these observa-
tions are captured by decreasing the parameter σE , which sets the upper limit of erythropoietin production (affecting the 
intercept), and increasing D, which modulates the steepness of the EPO response to hemoglobin changes (affecting the 
slope). To capture these shifts, we applied heuristic adjustments—reducing σE  by a factor of 100 and increasing D tenfold, 
σ′

E = σE/100; D′ = D · 10. These values were chosen empirically to align with the range and shape of the experimental 
data. While not directly derived from biological measurements, they provided a reasonable approximation of the observed 
EPO-Hb relationship in CKD. A sensitivity analysis around the CKD parameter regime showed that the characteristic 
EPO–hemoglobin phenotype is reproduced only within a narrow range of parameter values (approximately ±20%), indicat-
ing that the data tightly constrain the parameters to a specific physiological regime rather than allowing the CKD pattern to 
emerge from arbitrary parameter choices.

However, these changes alone were insufficient to reproduce the full extent of anemia observed in CKD patients. To 
improve the model’s fit, we incorporated an additional mechanism—bone marrow suppression, likely reflecting the inhibi-
tory effects of uremic toxins on erythropoiesis. This was implemented by reducing Hmax , the maximal capacity for erythroid 
progenitor proliferation, to 50% of its baseline value, H′

max = Hmax/2 (see Table 9).
As shown in Fig 6, the model accurately captures the distribution of hemoglobin and erythropoietin (EPO) levels in the 

population and reproduces the near independence between EPO concentration and hemoglobin. Note that data points 
from bioassay studies are significant outliers. The weak association between circulating erythropoietin and hemoglobin 
reflects a breakdown of normal EPO–hemoglobin feedback regulation in chronic kidney disease. This pattern suggests 
that a substantial fraction of hemoglobin variability is driven by factors acting independently of endogenous EPO levels. 
Plausible contributors include iron availability and utilization, inflammatory tone, degree of renal dysfunction, uremic mar-
row suppression, nutritional deficiencies, and altered red blood cell lifespan. From a statistical perspective, these factors 
would be expected to contribute to hemoglobin variability without a corresponding change in EPO, thereby weakening the 
observed EPO–hemoglobin association.
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Consistent with this interpretation, the Wasserstein distance was 0.99 standard deviations, whereas the corresponding 
distance between the disease model and the healthy population was 7.8 standard deviations, indicating a substantially 
poorer fit.

Notably, this fit could not be achieved without incorporating the component of bone marrow suppression. This finding 
suggests that impaired erythropoietic capacity—rather than EPO deficiency alone—plays a significant role in the patho-
physiology of anemia secondary to chronic kidney disease (CKD). Supporting this interpretation, previous studies have 
reported increased rates of hypocellular bone marrow in patients with advanced CKD [82], along with a higher prevalence 
of reductions in other hematopoietic lineages [83], indicating a broader suppression of marrow function in this population.

Hemolytic anemia

Hemolysis refers to the premature destruction of red blood cells (RBCs). Hemolytic anemia develops when the rate of 
RBC loss exceeds the compensatory capacity of the bone marrow. The underlying causes of hemolysis may be intrinsic 
to the RBC—such as enzymopathies (e.g., glucose-6-phosphate dehydrogenase [G6PD] deficiency), hemoglobinopathies 
(e.g., thalassemia), or membranopathies (e.g., hereditary spherocytosis)—or extrinsic, including autoimmune disorders, 
infections, drug toxicity, and mechanical destruction (e.g., prosthetic heart valves).

EPO levels in many patients with chronic hemolytic disorders are inappropriately low relative to the degree of ane-
mia [47–50]. Several explanations have been proposed for this. One hypothesis suggests that the robust reticulocyte 
response to hemolysis reverses the relative hypoxia associated with anemia, thereby reducing the stimulus for renal 
EPO production—a phenomenon also observed in transfused patients [48]. In addition, compensatory physiological 
adaptations such as increased cardiac output and expanded blood volume may enhance tissue oxygenation and sup-
press EPO secretion [65].

Elevated levels of inflammatory cytokines, which are often present in hemolytic states, may further impair EPO syn-
thesis [48]. In diseases such as sickle cell anemia, renal damage may directly interfere with EPO production; this is 

Fig 6.  The model reproduces the blunted erythropoietin response characteristic of chronic kidney disease. Comparison of experimental data 
(green points, n = 317) and model simulations (dark green points, n = 200) for log(EPO) versus hemoglobin levels in chronic kidney disease (CKD). The 
solid black line represents the reference EPO–hemoglobin relationship derived from non-anemic populations. Both experimental and simulated data 
show a downward shift and flattening of the curve, consistent with reduced EPO production and bone marrow suppression in CKD.

https://doi.org/10.1371/journal.pcbi.1014111.g006
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supported by evidence linking EPO levels to creatinine clearance and by age-related differences in EPO responsiveness, 
with younger patients showing higher EPO levels for the same hemoglobin concentration [47,49].

Additionally, a rightward shift in the oxygen–hemoglobin dissociation curve in these patients improves oxygen delivery 
to tissues and hence blunt the hypoxic signal required for EPO induction [47]. Finally, in conditions such as sickle cell dis-
ease, the bone marrow may expand its erythropoietic output so effectively that less circulating EPO is required to sustain 
RBC production [65].

In contrast to the studies described above, several others did not find erythropoietin (EPO) levels to be lower than expected 
for the degree of anemia [35,65]. Some reports observed only that EPO concentrations were reduced relative to patients with 
aplastic anemia—a group known to exhibit markedly elevated EPO levels (see Results - Aplastic anemia) [9,54].

When the available data are aggregated, EPO levels in hemolytic anemia are generally within, or slightly above, the 
expected range for a given hemoglobin concentration (see Fig 7). This observation is also consistent with predictions 
from our model, in which a shortened red blood cell lifespan does not significantly alter steady-state EPO levels (E

st
). This 

result reflects steady-state behavior within a mean-lifespan framework and therefore does not capture age-dependent 
clearance mechanisms or transient dynamics.

To model hemolytic anemia (HA), the red blood cell (RBC) lifespan was reduced from 120 days to 25 days, consistent 
with reported estimates of 10–62 days for RBC survival in hemolytic anemia [85,86]. This change was implemented in the 
model by increasing the clearance rate parameter γc, such that γ′

c = 4.8 · γc. Here, hemolytic anemia is analyzed under 
the assumption of sustained hemolysis, such that the system reaches a steady state on a timescale set by the shortened 
RBC lifespan.

As shown in Fig 7, the experimental data display EPO levels that are within the normal range or modestly elevated. The 
model simulation aligns with these observations, demonstrating good agreement between predicted and observed EPO 
responses. Note that data points from bioassay studies are significant outliers. The Wasserstein distance was 1 standard 

Fig 7.  Erythropoietin levels increase proportionally to anemia severity in hemolytic anemia. Comparison of experimental data (light brown 
points, n = 165) and model simulations (dark brown points, n = 100) for log(EPO) versus hemoglobin levels in hemolytic anemia (HA). The solid black 
line represents the reference EPO–hemoglobin relationship derived from non-anemic populations. Both empirical and simulated data show EPO levels 
that increase in proportion to the severity of anemia, consistent with a physiologically appropriate feedback response despite accelerated red blood cell 
turnover.

https://doi.org/10.1371/journal.pcbi.1014111.g007
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deviations, in contrast to 7.3 standard deviations obtained when comparing the disease model with the healthy population, 
underscoring the markedly inferior fit of the latter. The close alignment of the data with the reference EPO–hemoglobin 
relationship indicates that the core feedback structure is largely preserved under sustained hemolysis. The remaining 
scatter around the reference line is therefore more plausibly attributed to heterogeneity in hemolysis severity and chronic-
ity (effective red blood cell lifespan), iron status and reticulocyte response, comorbid inflammation, and between-study or 
assay-related measurement variability. From a statistical perspective, these factors are expected to introduce dispersion 
around an intact feedback relationship rather than producing a systematic breakdown of EPO–hemoglobin coupling.

Anemia of chronic disease

Anemia of chronic disease (ACD), also known as anemia of inflammation, is a hypoproliferative anemia commonly asso-
ciated with chronic infections, autoimmune disorders, inflammatory conditions, and non-hematologic malignancies. It typi-
cally presents as a normocytic, normochromic anemia with a reduced erythropoietic response. In our analysis, we focused 
on patients with non-hematologic cancers who were not receiving chemotherapy, to exclude anemia mechanisms specific 
to hematologic malignancies or cytotoxic treatment.

In many cases, circulating erythropoietin (EPO) levels are inappropriately low relative to the degree of anemia [87]. 
However, other studies have reported EPO concentrations that appear appropriate for the level of hemoglobin [33,58], 
likely reflecting heterogeneity among chronic disease populations. Taken together, these reports highlight substantial het-
erogeneity in circulating EPO levels in anemia of chronic disease, while still supporting population-level inference about 
systematic deviations from the physiological EPO–hemoglobin relationship.

The pathogenesis of ACD is multifactorial and not yet fully elucidated. Proposed mechanisms include a mildly reduced 
red blood cell lifespan [88], functional iron deficiency due to hepcidin-induced sequestration of iron within the reticuloendo-
thelial system [89–91], and direct suppression of erythropoiesis by inflammatory cytokines, which impair the survival and 
differentiation of erythroid progenitors [92,93]. Additional evidence indicates that interferon-γ and interleukin-1 may reduce 
the expression of EPO receptors on erythroid progenitor cells [94,95], though in vitro research shows normal response of 
erythroid progenitor cell to EPO, concurrent with low EPO [96].

Cytokine-mediated suppression of renal EPO synthesis is a widely accepted explanation for this phenomenon. 
Reduced EPO production has been described in chronic inflammatory states such as rheumatoid arthritis [92], malignancy 
[97,98], congestive heart failure [99], and HIV/AIDS [100]. In vitro experiments have shown that pro-inflammatory cyto-
kines, including IL-1, TNF-α, TGF-β, and IFN-γ, directly inhibit EPO gene expression [15,101,102].

Histological studies in lupus nephritis further support this view, revealing inflammatory infiltration of the renal inter-
stitium, where EPO-producing fibroblasts reside [103]. One proposed mechanism suggests that chronic inflammation 
induces a phenotypic transformation of these fibroblasts into myofibroblasts, rendering them incapable of producing EPO 
[104]. EPO deficiency may, in turn, contribute to elevated hepcidin levels, exacerbating functional iron restriction [105]. 
In some cases, anti-EPO autoantibodies have also been identified, particularly in systemic lupus erythematosus, and are 
associated with lower EPO levels [106].

An interesting hypothesis raised by [107] suggests that ACD may involve a pre-anemic state characterized by elevated 
EPO levels required to maintain hemoglobin within the normal range. In their population-based study, they observed 
an association between elevated inflammatory markers (CRP, IL-6, IL-1, TNF-α) and increased EPO concentrations in 
individuals without anemia, whereas in those with anemia, greater inflammation was paradoxically associated with lower 
EPO levels. This implies that inflammation alters the EPO response in a stage-dependent manner. Supporting this con-
cept, studies have shown that resistance to recombinant human EPO (rHuEPO) therapy correlates with higher levels of 
pro-inflammatory cytokines [108].

Further supporting the role of insufficient EPO in ACD is the demonstrated benefit of EPO therapy in various chronic 
disease states. Clinical studies have shown improvement in hemoglobin levels following rHuEPO administration in 
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patients with rheumatoid arthritis [109,110], HIV infection receiving zidovudine [111], inflammatory bowel disease [55], and 
cancer [37,112].

To simulate anemia of chronic disease (ACD), we modeled the effects of impaired erythropoiesis by reducing the 
differentiation rate from hematopoietic stem cells to red blood cells by a factor of four, d′max = dmax/4 (see Table 9). 
This adjustment reflects the combined impact of inflammatory cytokines and functional iron deficiency, both of which 
are known to suppress erythroid maturation. Importantly, erythropoietin (EPO) production was unchanged in the 
simulation.

As depicted in Fig 8, the model reproduces the joint distribution of hemoglobin and erythropoietin (EPO) levels with 
high fidelity, yielding a Wasserstein distance of 0.53 standard deviations. In contrast, comparison of the disease model 
with the healthy population distance of 7.3 standard deviations, reflecting a substantially inferior fit.

Notably, the simulation did not impose a blunted EPO response, indicating that reduced EPO levels are not necessary 
to generate this pattern of anemia and may instead represent a downstream consequence of other disease mechanisms 
rather than a primary cause.

Iron deficiency anemia

Iron deficiency anemia (IDA) arises from a deficiency in iron, which is essential for hemoglobin synthesis and hence to 
RBC production. IDA is characterized by hypo-proliferative microcytic anemia.

IDA is often referred to as simple anemia and in many cases it is used as a benchmark for the expected EPO level in 
anemia states. Because the expectation is that IDA does not affect the production or removal mechanism of EPO, patients 
with IDA can be used to extrapolate the linear trend line that relates hemoglobin and EPO for healthy levels of hemoglobin 
to levels of hemoglobin associated with disease.

Fig 8.  Impaired erythroid differentiation accounts for the EPO–hemoglobin relationship in anemia of chronic disease. Comparison of exper-
imental data (purple points, n = 518) and model simulations (dark purple points, n = 300) for log(EPO) versus hemoglobin levels in anemia of chronic 
disease (ACD). The solid black line represents the reference EPO–hemoglobin relationship derived from non-anemic populations. Both experimental 
and simulated data show EPO levels that are near or slightly below the expected physiological range for a given hemoglobin concentration. The model 
reproduces this distribution without assuming reduced EPO production, indicating that impaired erythroid differentiation alone can explain the observed 
pattern.

https://doi.org/10.1371/journal.pcbi.1014111.g008
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A surge in iron receptors (TfR1) occurs when BFU-E cells transform to CFU-E cells and peak at the pro-erythroblasts 
stage [121]. Several researches have shown decrease in CFU-E cell count in vitro when iron is decreased [122,123]. 
Hence, we choose to simulate IDA by decreasing both amax, dmax  by a factor of 3 (a′max = amax/3; d′max = dmax/3).

Fig 9 illustrates close agreement between the experimental observations and the model simulations. The Wasserstein 
distance was 0.68 standard deviations, whereas comparison of the disease model with the healthy population yielded a 
value of 7, reflecting a markedly inferior fit.

Patients with iron-deficiency anemia align closely with the expected physiological relationship between hemoglobin and 
erythropoietin (EPO), falling along the reference loglinear relationship derived from healthy individuals.

Potential target for intervention

The model can also be used to explore potential therapeutic strategies for different anemia types by varying parameters 
other than those specifically modified to simulate each condition. The current therapeutic principle for most anemia types 
is to treat the underlying cause. While this is straightforward in certain cases—such as iron supplementation in iron-
deficiency anemia—it is considerably more challenging, or even impossible, in others, such as anemia of chronic disease 
(where no effective treatment exists for the primary illness) or hereditary hemolytic anemia.

We first outline the general therapeutic principles that emerge from the model and then discuss how they manifest 
in each anemia subtype. The parameters examined as possible therapeutic targets include: (1) H

max
, representing the 

carrying capacity of erythroid progenitors. Increasing this parameter would correspond to expansion of the erythropoietic 
compartment, a compensatory mechanism that develops under certain pathological conditions; (2) parameters that ele-
vate EPO levels (E

max
, D, γ

E
), reflecting the effect of exogenous EPO administration; (3) parameters influencing progenitor 

proliferation (a
max

, k
a
); and (4) parameters affecting differentiation from progenitors to reticulocytes (d

max
, k

d
).

Fig 9.  The model reproduces the physiological erythropoietin response in iron deficiency anemia. Comparison of experimental data (light red 
points, n = 214) and model simulations (dark red points, n = 150) for log(EPO) versus hemoglobin levels in iron deficiency anemia (IDA). The solid black 
line represents the reference EPO–hemoglobin relationship derived from non-anemic populations. Both experimental and simulated data align closely 
with this relationship, indicating that EPO production is appropriately regulated despite reduced erythroid proliferation and differentiation caused by iron 
limitation.

https://doi.org/10.1371/journal.pcbi.1014111.g009
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At present, no pharmacologic agents are known to selectively enhance erythroid proliferation or differentiation in a 
manner analogous to granulocyte colony-stimulating factor (G-CSF) in the myeloid lineage. Changes in γ

c
 (red blood cell 

lifespan), while physiologically important, were not examined because they are difficult to selectively and predictably mod-
ulate as a therapeutic control parameter. It is noteworthy that while a mild increase in d

max
 (progenitor differentiation rate) 

may enhance erythroid output, a larger increase can have the opposite effect by depleting the progenitor pool.
The model identifies three major therapeutic principles. First, exogenous EPO is expected to be beneficial when 

steady-state EPO levels are not already elevated relative to hemoglobin levels. Second, increasing H
max

—the carrying 
capacity—would be beneficial only when the steady-state progenitor count approaches this upper limit. Third, increasing 
the proliferation rate of progenitor cells (via a

max
) may be effective if the progenitor population is well below its maximal 

carrying capacity.
In hemolytic anemia, one of the body’s known compensatory mechanisms is the expansion of erythropoietic tissue into 

additional bones (e.g., skull) or the development of extramedullary hematopoiesis in organs such as the spleen [124]. The 
model reproduces this effect: increasing H

max
 raises the steady-state hemoglobin level. Similarly, elevating steady-state 

EPO levels also increases hemoglobin. This finding aligns with clinical observations that EPO therapy can be effective 
in specific subtypes of hemolytic anemia, such as autoimmune hemolytic anemia (AIHA) [48], where endogenous EPO 
levels are lower than expected for the degree of anemia.

In aplastic anemia, EPO levels are already elevated, so exogenous EPO is unlikely to help. Because the number 
of progenitor cells is markedly reduced, increasing a

max
 (proliferation rate) and d

max
 (differentiation rate) is expected to 

improve the condition.
In anemia of chronic disease, an increase in H

max
 could be beneficial, although such an effect is unlikely to occur 

physiologically. Unlike hemolytic anemia, anemia of chronic disease tends to be mild and occurs mainly in adults, in whom 
bone marrow expansion is limited.

In anemia secondary to chronic kidney disease (CKD), erythropoietin production is impaired, resulting in inappropri-
ately low circulating EPO levels for the degree of anemia. Consequently, exogenous EPO administration is therapeutically 
effective. In the model, increasing a

max
 (progenitor proliferation rate) or d

max
 (differentiation rate) enhances erythroid output 

by amplifying the number of progenitor cells that proliferate or differentiate per unit of available EPO, thereby partially 
compensating for the hormonal deficiency.

Our current model does not include a representation of iron availability and therefore cannot simulate therapeutic strat-
egies for iron-deficiency anemia. One possible extension would be to constrain the terms H(t)d(E) and H(t)a(E)(1 – H/H

max
) 

by introducing an iron factor: min[H(t)d(E), iron factor]. This would limit differentiation and proliferation according to iron 
supply. Under such a framework, increasing H

max
 or steady-state EPO would not alleviate anemia, as the bottleneck would 

lie downstream.

Discussion

In this study, we introduced a simplified mathematical model capturing three key stages of red blood cell (RBC) production 
along with erythropoietin (EPO) dynamics. This model offers several strengths. First, the parameters were defined a priori 
based on experimental measurements rather than post hoc fitting, enhancing the model’s biological transparency. Sec-
ond, the model was validated against a comprehensive dataset aggregated from 36 studies across diverse populations 
and measurement techniques, providing strong empirical support and making it a potential data resource for future mod-
eling efforts. Third, rather than focusing on a single disease, we evaluated the model across multiple anemia subtypes, 
enabling it to reveal general physiological principles underlying erythropoiesis.

Using experimentally derived parameter values with biologically plausible variation, we demonstrated that the model 
reproduces observed hemoglobin and EPO levels in both healthy adults and patients with five major types of anemia. 
Importantly, the model also reproduced compensatory responses observed in vivo—such as expansion of erythropoietic 
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activity into additional bones in hemolytic anemia—and identified parameter perturbations that may serve as potential 
therapeutic targets. This agreement between simulations and experimental data allows the model to be used to examine 
unresolved questions—particularly the longstanding clinical observation that EPO levels often differ substantially between 
diseases, even at similar hemoglobin concentrations.

By analyzing the system’s steady-state solutions, the model identifies distinct shifts in key regulatory parameters that 
explain these deviations. In aplastic anemia, elevated EPO levels can be attributed to reduced EPO uptake by eryth-
roid progenitors due to their reduced numbers, resulting in lower EPO clearance. In chronic kidney disease (CKD), the 
model indicates that blunted EPO production and EPO deficiency are necessary to reproduce the observed EPO suppres-
sion; however, additional bone marrow suppression—likely due to uremic toxins—is required to fully explain the clinical 
data. In hemolytic anemia, despite some reports of inappropriately low EPO, the aggregate data and simulation results 
do not support this interpretation. The model suggests that reducing RBC lifespan alone does not significantly impact 
steady-state EPO levels, suggesting a need to re-evaluate prevailing assumptions about this condition’s pathophysiology. 
In anemia of chronic disease (ACD), the model reproduces characteristic features of the anemia without requiring a 
blunted EPO response. Our findings suggest that low EPO levels may be a consequence of decreased CFU-E differen-
tiation, rather than a primary cause. In iron deficiency anemia (IDA), reproducing the clinical data required reducing 
both stem cell proliferation and erythroid cell division rates, supporting the hypothesis that iron availability influences not 
only differentiation but also proliferation of erythroid precursors. The model’s steady state is highly robust to parameter 
changes within biologically relevant parameter ranges and does not exhibit oscillatory behavior.

A mechanistic insight emerging from the model is the regulatory role of receptor-mediated endocytosis in the clearance 
of circulating erythropoietin (EPO). Because EPO is primarily removed through binding to erythroid precursors, its plasma 
concentration is strongly influenced by bone marrow erythropoietic activity. This relationship enables EPO levels—when 
interpreted relative to hemoglobin—to serve as a potential indicator of the directional trend in hemoglobin levels. Specif-
ically, an EPO level higher than expected for a given hemoglobin concentration suggests reduced erythroid activity and 
therefore an impending decline in hemoglobin. Conversely, an EPO level lower than expected reflects increased EPO 
clearance due to active uptake by proliferating erythroid progenitors, implying an imminent rise in hemoglobin.

This insight provides a noninvasive method for assessing bone marrow response dynamics without the need for 
direct sampling, such as bone marrow biopsy. Because the physiological EPO–hemoglobin relationship is approximately 
log-linear, representation of EPO on a logarithmic scale reflects the natural coordinate of the feedback system and may 
provide a more directly interpretable readout for clinical comparison across disease states. Measuring baseline EPO at 
the time of anemia evaluation may help contextualize hemoglobin findings, inform etiological hypotheses, and stratify 
patients who are more likely to benefit from exogenous EPO therapy, for example in anemia of chronic disease, where 
treatment response is heterogeneous. Moreover, tracking EPO levels may enable early assessment of treatment efficacy. 
For example, in patients with iron deficiency anemia, a decrease in EPO levels has been observed as early as three days 
after iron supplementation—preceding the measurable rise in hemoglobin [9]. Such early shifts in EPO may thus serve 
as a useful biomarker for real-time evaluation of marrow engagement or recovery. More broadly, this framework suggests 
that measuring EPO as part of a standardized anemia evaluation (“anemiogram”), alongside hemoglobin and conventional 
indices, could provide additional physiological context at diagnosis and during follow-up. These suggestions are intended 
as hypotheses for prospective validation rather than immediate clinical recommendations.

In this study, we focused on evaluating the model’s ability to reproduce the relationship between erythropoietin (EPO) 
and hemoglobin (Hb) across different disease states, as well as its dynamic response to acute blood loss. However, the 
model’s framework also enables prediction of EPO and Hb trajectories over time in other clinical scenarios, such as recov-
ery following chemotherapy.

Looking ahead, the model can be extended in three meaningful directions. First, the framework could be compared 
to time-resolved data—such as chemotherapy-induced marrow suppression and recovery or responses to exogenous 
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recombinant EPO—which would provide a means to further constrain model mechanisms and strengthen causal infer-
ence. Second, incorporating adaptive regulation of EPO relative to a given hemoglobin level could potentially explain 
phenomena such as the hypoxic–hyperoxic paradox [125]. Third, introducing a hypoxia factor to represent reduced tissue 
oxygenation independent of hemoglobin concentration—for example, in cardiopulmonary pathology, smoking-related 
hypoxemia, or altered hemoglobin–oxygen affinity —would allow the model to capture conditions in which oxygen delivery 
is impaired despite normal hemoglobin levels. These extensions would enable the model to generate empirically testable 
predictions; for instance, with a non-zero hypoxia factor, the model predicts an elevated steady-state hemoglobin level 
(polycythemia) and a prolonged recovery time following blood loss.

In summary, the model presented in this study demonstrates that aspects of the complex physiology of erythropoiesis 
in anemia states can be effectively captured using a compact set of equations. Despite its simplicity, the model repro-
duces key features of red blood cell regulation across both healthy and pathological states, highlighting the utility of mini-
mal mathematical frameworks in understanding biological systems [20,21,126–128].

This study has several limitations inherent to its basis in mathematical modeling. To achieve analytical tractability and 
physiological interpretability, the model relies on deliberate simplifications that necessarily abstract away many biologi-
cal details. Complex anemia subtypes such as hemolytic anemia, anemia of chronic disease (ACD), and chronic kidney 
disease (CKD) arise from multifactorial pathophysiologies involving intertwined regulatory pathways and heterogeneous 
patient-specific factors. Representing these processes through a small number of effective parameters may therefore 
obscure interactions among physiological mechanisms that contribute to disease expression and progression.

A central limitation of the present framework is its focus on steady-state behavior rather than full transient dynamics. 
While this allows systematic comparison across heterogeneous clinical datasets, it limits the model’s ability to capture 
rapid perturbations, recovery trajectories, and long-term adaptive responses. In addition, the model does not explicitly 
represent effects such as changes in plasma volume, which may confound concentration-based measurements of hemo-
globin and circulating erythropoietin, particularly under acute conditions such as hemodilution or hemoconcentration. 
Moreover, because distinct physiological mechanisms may give rise to similar steady-state erythropoietin–hemoglo-
bin relationships, agreement with steady-state data constrains the space of compatible biological explanations rather 
than uniquely identifying a single underlying cause. The model thus delineates classes of mechanisms consistent with 
observed data, rather than providing definitive causal attribution.

Additional limitations arise from the level of coarse-graining adopted. At this resolution, the model can distinguish 
whether erythropoietic dysfunction originates upstream or downstream of the CFU-E checkpoint, but it cannot local-
ize defects to specific progenitor subtypes or molecular pathways within those regimes. The absence of explicit age-
structured red blood cell clearance and time-dependent regulatory responses further limits the model’s ability to account 
for heterogeneity and delayed or history-dependent behaviors observed in iron-restricted states, inflammatory conditions, 
or dynamically evolving hemolytic processes.

Finally, the model lacks prospective validation. Although it was evaluated against a large body of previously published 
clinical data, these datasets are retrospective and heterogeneous with respect to measurement techniques, patient 
populations, and potential biases. Moreover, the model was calibrated to optimize agreement with available data rather 
than validated against independent, unseen datasets. Prospective longitudinal studies will therefore be essential to rigor-
ously assess predictive performance and to test the model’s applicability across anemia subtypes under dynamic clinical 
conditions.

Materials and methods

Numerical simulation of the model

The model was implemented in Python version 3.9.6. At each step, the value of each variable was updated according to 
the Euler integration rule:
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vi+1 = vi + (

dv
dt
) ·∆t

	

The initial conditions for H, R, C and EPO were set according to the steady state of the system.
Since all the parameters in the model are in the scale of hours, we chose a ∆t  of 103 seconds. The model results were 

the same using this time step compared to smaller values.
Each simulation ran for a default duration of 2× 107 (simulated) seconds (around 8 months) to ensure reaching steady 

state.

Population simulation

To generate a more realistic, population-level behavior, we introduced stochasticity into the model by sampling the model 
parameters from log normal distributions. The mean of each distribution was set to the baseline parameter value listed 
in Table 10, while the standard deviation ranged between 5% and 30%, as specified in Table 11. The magnitude of these 
standard deviations was empirically chosen to reproduce the observed dispersion of erythropoietin and hemoglobin mea-
surements in the healthy population.

Data collection

In most cases, original data were not provided in tabular form but embedded in figures. To extract numerical values, we 
used a web-based digitizing tool [129] to convert graphical data into analyzable format and manually checked. All values 

Table 10.  Model parameters, definitions, and sources.

Parameter Description Value References

σE[Us ] Maximal production rate of EPO 0.035 Us–1L–1 [43–45]

D [cells] negative inverse of the loglinear slope of EPO versus RBC, amount of 
C at which E production drops by 1/e 

5.3× 1012 RBC [43–45]

γE[ 1
s·cells ] EPO degradation rate 6.1× 10–18 s–1cells–1 [15,16]

Hmax Maximum number of CFU-E cells that the bone marrow can support 1013 cells [46]

γC[ 1s ] RBC degradation rate 1.0 · 10–7s–1 [14]

amax[ 1s ] Maximum rate of CFU-E proliferation 5.28× 10–6s–1 [11]

Ka[mUml ] EPO concentration at which the CFU proliferation rate is half of amax 30 mU/ml [11]

dmax[ 1s ] Maximum rate of CFU differentiation 1.5× 10–6s–1

Kd[mUml ] EPO concentration at which the CFU differentiation rate is half of dmax 23 mU/ml

τR[s] Delay time it takes CFU-E to differentiate into reticulocytes 2.16× 105 s [13]

mR[ 1
cells·s ] Slope of the linear relation that converts the RBC count into the time 

reticulocytes remain in the marrow
10–8 (cells · s)–1 [14]

nR[ 1s ] Baseline (intercept) time that reticulocytes stay in the bone marrow 5.8× 104 s–1 [14]

https://doi.org/10.1371/journal.pcbi.1014111.t010

Table 11.  Standard deviations assigned to model parameters for population-level simulations.

parameter γC γE Hmax σE D amax,dmax ka,kd
Standard deviation 0.2 0.3 0.3 0.1 0.05 0.1 0.2

https://doi.org/10.1371/journal.pcbi.1014111.t011
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were standardized to hemoglobin concentration in g/dL. When data were reported as hematocrit (Hct), values were con-
verted to hemoglobin using the relation Hct = 3 × Hb.

Quantification of the fit between experimental data points and simulation data points

The Wasserstein distance [51], also known as the Earth Mover’s Distance, quantifies the dissimilarity between two prob-
ability distributions by measuring the minimal cost required to transform one distribution into the other. To normalize the 
distance to a meaningful unit of standard deviation, both experimental and simulated data were scaled by the standard 
deviation of the experimental data, in each axis separately. As a reference, we used the distance between the model and 
experimental data from the healthy population. To minimize the impact of outliers, we excluded bioassay measurements 
that were frequently aberrant (see Figs 4–9).

Supporting information

S1 File. Estimation of model parameter values. This file provides detailed derivations and literature-based estimates for 
all model parameters, except d

max
 and K

d
, and discusses the indirect and uncertain nature of available measurements for 

H
max

.
(DOCX)

S2 File. Estimation of the circulating reticulocyte percentage from model variables. This file describes how the cir-
culating reticulocyte percentage can be inferred from the model’s marrow reticulocyte pool R(t) by decomposing the RBC 
compartment into circulating reticulocytes and mature erythrocytes, using clinically derived transition rates based on the 
reticulocyte maturation correction framework.
(DOCX)
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