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Abstract

Background and Objectives: Serum ferritin levels are increasingly being used to

assess iron stores. Considerable variation in ferritin levels within and between indi-

viduals has been observed, but our current understanding of factors that explain this

variation is far from complete. We aim to combine multiple potential determinants in

an integrative model, and investigate their relative importance and potential

interactions.

Methods: We use ferritin measurements collected by Sanquin Blood Bank on both

prospective (N = 59 596) and active blood donors (N = 78 318) to fit a structural

equation model with three latent constructs (individual characteristics, donation his-

tory, and environmental factors). Parameters were estimated separately by sex and

donor status.

Results: The model explained 25% of ferritin variance in prospective donors, and

40% in active donors. Individual characteristics and donation history were the most

important determinants of ferritin levels in active donors. The association between

environmental factors and ferritin was smaller but still substantial; higher exposure to

air pollution was associated with higher ferritin levels, and this association was con-

siderably stronger for active blood donors than for prospective donors.

Discussion: In active donors, individual characteristics explain 20% (17%) of ferritin

variation, donation history explains 14% (25%) and environmental factors explain 5%

(4%) for women (men). Our model presents known ferritin determinants in a broader

perspective, allowing for comparison with other determinants as well as between

new and active donors, or between men and women.

K E YWORD S

air pollution, ferritin testing, iron metabolism

1 | INTRODUCTION

Iron is essential for human life, but both iron deficiency and iron over-

load can cause various adverse health effects. Therefore, iron

homeostasis is tightly regulated in humans. In case of insufficient

availability of iron in the circulation, recycling of old red blood cells is

increased and hepcidin is downregulated both to increase dietary iron

absorption and release iron stored in ferritin.1,2 Haemoglobin levels
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have long been the standard method to assess iron status. However,

haemoglobin levels can remain sufficient for some time, even when

iron stores are dwindling; this is known as iron deficiency non-

anaemia.1

In contrast to haemoglobin, serum ferritin levels reflect the

amount of stored iron.1 Therefore, they are increasingly used to

assess individuals' iron stores when these are at risk, for instance after

traumatic blood loss, during pregnancy, or in blood donors.3 Sanquin,

the national blood service in the Netherlands, started measuring ferri-

tin levels in each new donor, and subsequently after every fifth dona-

tion, in October 2017. Donating blood has a substantial impact on

ferritin levels. Ferritin levels are lower among blood donors than in

the general population: cross-sectional studies report lower ferritin

levels in donors with a higher number of whole blood donations and a

large randomised trial showed that ferritin levels indeed decline with

more frequent blood donations.4,5 Among new donors, large variation

in ferritin levels is observed.4 It is well established that individual char-

acteristics such as sex and age are relevant: women in general, but

pre-menopausal women in particular, have considerably lower ferritin

levels than men.4,6,7 Higher body mass index (BMI) is associated with

higher ferritin levels.8 In recent decades, many other factors that

affect iron status have been identified: diet,9,10 genetics,11,12

ethnicity,13 and iron supplementation, which is mostly studied among

blood donors.14,15

Ferritin is also a known acute-phase protein that is elevated in

inflammatory conditions, complicating its diagnostic value in individ-

uals with conditions such as inflammatory bowel disease or chronic

heart failure.16 This could also explain the association between BMI

and ferritin levels, as adipose tissue is known to promote systemic

inflammation.17 Additionally, exposure to environmental pollutants

has been linked to disordered iron homeostasis,18,19 and ambient par-

ticle matter (PM) concentration is correlated with ferritin levels.19 The

biological mechanism behind this is still unclear, but it is postulated

that iron attaches to the PM rather than to cell nuclei, effectively cre-

ating a functional deficiency.18,19 In turn, mechanisms start upregulat-

ing iron uptake and recycling in an attempt to meet the iron

requirement of the cells, thereby altering iron homeostasis. Another

suggested mechanism is that when pollutants enter the lungs, iron is

transported away from the surface of the lung tissue and stored in

ferritin complexes, in order to avoid chemical reactions between iron

and the pollutant.18 Other potential environmental determinants are

neighbourhood characteristics, including population density and

socio-economic status, which are consistently shown to be related to

body weight20 and blood parameters.21

Previous studies on ferritin levels have focused on studying the

association with variables in a limited setting, for example, characteris-

tics such as age and BMI, donation-related variables, or environmental

pollutants. In this paper, we propose a novel framework that inte-

grates multiple settings, using a structural equation model. By group-

ing relevant explanatory variables into constructs, we describe

relationships with ferritin on a more general level. This enhances the

insight into various mechanisms that influence ferritin levels, which is

valuable to those who use these as a diagnostic tool. We explore

associations between ferritin levels and individual characteristics,

donation behaviour and environmental factors, in a large group of

newly registered and active whole blood donors.

2 | METHODS

For this cross-sectional study, data collected by Sanquin and the

Geoscience and health cohort consortium (GECCO) were analysed.

Sanquin is by law the only blood service in the Netherlands, collect-

ing over 400 000 whole-blood donations each year, with collection

sites geographically well-distributed throughout the country. Several

eligibility criteria exist to ensure the safety of the donors and recipi-

ents and the quality of the blood product. Donors must be aged

between 18 and 79 years old, and a pre-donation screening visit

takes place before the first 500 ml whole blood donation, which

includes blood sampling for blood type and infectious disease test-

ing, as well as initial haemoglobin and ferritin measurements. We

will refer to these prospective donors, who have not donated yet,

as ‘new donors’.
Before every donation, a donor screening is performed, including

a donor health questionnaire and measurements of blood pressure,

pulse rate and haemoglobin levels to assess whether the donor is eligi-

ble to donate. Haemoglobin levels need to be at least 7.8 mmol/L for

women and 8.4 mmol/L for men. This is measured by point-of-care

testing with a photometer (HemoCue, Angelholm, Sweden). Ferritin

levels, are measured in serum samples, using the Architect i2000

(Abbott Diagnostics, Chicago, IL), after the pre-donation screening

visit and after every fifth whole blood donation. As such, ferritin mea-

surements are only available in case of successful whole blood dona-

tions, and for new donors whose venous samples are taken as part of

the pre-donation screening visit.

2.1 | Data

This study included all new and active whole blood donors who gave

consent to the use of their data for scientific research (consent given

by >99% of all donors) and for whom ferritin measurements were

available between 1 October 2017 and 31 December 2019. If multiple

ferritin measurements were available for a donor, only the first mea-

surement was used. Information on donors and donation histories

was extracted from the blood bank information system (ePROGESA,

MAK-SYSTEM International Group, Paris, France). Variables used

were sex, age, height, weight, time since previous successful donation,

the number of successful donations in the previous 2 years, donor sta-

tus (new or active donor), and ferritin levels. BMI was calculated from

self-reported donor height and weight. Sanquin does not register

donor ethnicity, but Duffy negative phenotype was included to func-

tion as a proxy for sub-Saharan African descent.

Environmental exposure variables of various characteristics were

obtained from the Geoscience and health cohort consortium

(GECCO).22 The exposure data were operationalised based on publicly
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available data. Data from 30 weather stations in the Netherlands—

obtained from the Royal Netherlands Meteorological Institute

(KNMI)—were used to estimate temperature at a spatial resolution of

1 km. Three options for the measurement level were considered (mini-

mum, average, and maximum daily temperature), as well as three time

spans (day, week or month before donation), resulting in nine options

in total. The combination that showed the highest correlation with

ferritin was included in the final model.

Daily concentrations for particulate matter (PM) 2.5, PM10, NO2,

ozone and soot levels were obtained via the Dutch National Institute

for Public Health and the Environment (RIVM), for the years

2017–2019. These variables were imputed on a spatial resolution of

1 by 1 km. Neighbourhood socio-economic status (SES) scores and

population density from 2017–2019 were acquired from Statistics

Netherlands (CBS), both available on 6-digit postal code level. SES

scores are based on percentiles of income, education level and voca-

tional history of households, with a score of 0 being exactly the

national average, and positive scores being above average. All spatio-

temporal variables were matched with donor and donation data based

on donation date and donor postal code. Lastly, the date and time of

each donation were included as potential factors to account for sea-

sonal and diurnal variation, as they are known to affect haemoglobin

levels and may also affect ferritin levels.

To check for a possible confounding effect of smoking on envi-

ronmental variables, we analysed the correlation between the per-

centage of smokers per municipality (data from Statistics Netherlands)

and all environmental variables described in the above paragraph.

There were no missing data for environmental datasets from the

RIVM and CBS. Donors with no ferritin measurement were excluded

from the analysis. There were no missing data for the other donor or

donation level variables.

2.2 | Statistical analysis

Structural equation modelling (SEM) was used to investigate which vari-

ables relate to serum ferritin and to what extent. Briefly, observed vari-

ables and latent constructs are distinguished in SEM. Latent constructs

cannot be measured or observed directly, but are inferred from the

observed variables. One or more hypothesized sets of relationships and

correlations between variables and constructs are specified a priori and

shown in a path diagram. For each relationship, a parameter is esti-

mated that indicates its strength. Estimates are obtained by numeric

optimization of a fit criterion, using maximum likelihood estimation.

A more detailed overview of this method is provided in Appendix A.

We compared four ways to divide the 15 variables included in the

analysis into latent constructs, as shown in Table 1. Date and time of

the donation were added to the model separate of the constructs, and

as such are not included in Table 1. Model A contains four latent con-

structs, and in models B, C and D different sets of constructs are com-

bined. Confirmatory factor analysis (CFA) was used to test the validity

of the specified measurement models, that is, the hypothesized rela-

tionships between the latent constructs and their observed variables.

The overall fit of the models was assessed by the Tucker-Lewis Index

(TLI) and the root mean square error of approximation (RMSEA).

A rule of thumb is to exclude variables for which the absolute value of

the standardised factor loading is below 0.4, but at sample sizes larger

than 300, if the overall model fit is good, exclusion is not necessary

and should be judged separately for each variable based on sensible

background knowledge.23

Pairwise residual correlations between observed variables were

calculated to identify whether any covariances needed to be added to

the model. Of the four specified models, we continued our analysis

with the best fit according to CFA, based on the TLI and RMSEA.

TABLE 1 Grouping of variables into constructs for each model

Variable Model A Model B Model C Model D

Age Individual characteristics Individual characteristics Individual characteristics Individual characteristics

Weight

Height

BMI

Duffy phenotype

Time since previous donationa Donation history Donation history

Number of previous donationsa

Population density Environment Environment Environment Environment

Temperature

Socio-economic status

Ozone Pollution Pollution

PM2.5

PM10

Soot

NO2

Note: All models contain the same observed variables but differ in how these are grouped into latent constructs.
aOnly available for active donors.
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To the model with the best fit, we added the structural compo-

nent, which contains the relationships between the latent variables

and ferritin, the outcome variable. A multiple group SEM was carried

out with parameters estimated separately for male and female donors,

and for new and active donors. Because the assumption of normality

of the explanatory variables does not hold in our data, a different esti-

mator than the default maximum likelihood estimator was used: the

‘mean and covariance adjusted weighted least squares estimator’,
which is robust against violations of the normality assumptions in a

multivariate setting.24

The same model was fitted in all four groups, although the vari-

ables belonging to the donation history construct (see Table 1) are not

available for new donors, as they do not (yet) have a donation history.

The overall fit of the SEM model was assessed using the TLI and

RMSEA, as well as the R2 measure.

All analyses were conducted using R programming language and

environment for statistical computing version 4.0.3,25 with package

zoo26 for pre-processing environmental data, and lavaan27 for CFA and

SEM analyses. Path diagrams were created with yEd Live Graph Editor.28

3 | RESULTS

3.1 | Sample composition

Table 2 shows descriptive statistics of the study population by sex

and donor status. The size of each of the groups was comparable,

except for the group of new male donors, which was only half the

size of the other groups. Between new and active donors, age dif-

fered considerably, new donors being younger than active donors

by 17 years on average (p < 0.001 using a two-sample t-test). In

both new and active donors, men were older (by 6 years on aver-

age, p < 0.001) and heavier (by 13 kg on average, p < 0.001) than

women. p-values were obtained using two-sample t-tests. The time

since last donation is higher in women than in men, and the number

of prior donations is higher in men than in women. These differ-

ences are due to differences in the minimum required donation

interval: for women, there must be 122 days between two dona-

tions with a maximum of 3 donations per year, while for men, the

minimum is 57 days between two donations with a maximum of

5 donations per year. Differences in ferritin levels between the

groups are as expected from previous studies: men have higher fer-

ritin levels than women, and repeat donors have lower ferritin levels

than new donors.

For pollution and environmental variables, there was little differ-

ence between the groups, any differences between new and active

donors were most likely due to the different age and geographical dis-

tribution of the groups. None of these differences were statistically

significant.

We found a weak correlation between the percentage of smokers

and SES score (Pearson's r = �0.4) and a moderate correlation

between the percentage of smokers and population density

(Pearson's r = 0.5). No correlation was found for any of the other

environmental variables.

TABLE 2 Distribution of explanatory variables by donor status and sex

New donors Active donors

Women Men Women Men

N 40 172 19 424 39 085 39 233

Age (years) 26 (21–37) 28 (23–37) 47 (31–58) 53 (39–62)

Height (cm) 170 (166–175) 183 (178–188) 170 (166–175) 183 (178–188)

Weight (kg) 68 (62–77) 82 (74–90) 70 (64–80) 85 (78–93)

BMI (kg/m2) 24 (21–26) 24 (22–27) 24 (22–27) 25 (23–27)

Time since previous donation (days) NA NA 154 (132–217) 139 (71–147)

Number of previous donationsa NA NA 3 (2–4) 5 (4–7)

Population density (inhabitants per km2) 1173 (425–2617) 1246 (477–2936) 827 (322–1855) 814 (320–1824)

Duffy phenotype (proportion) 0.25 0.17 0.28 0.16

Temperature (�C)b 11.4 (6.4–16.6) 11.7 (6.6–16.7) 10.4 (6.0–16.0) 10.4 (5.9–16.0)

Socio-economic status 0.04 (�0.21 to 0.22) 0.02 (�0.24 to 0.22) 0.10 (�0.10 to 0.25) 0.12 (�0.07 to 0.26)

Ozone (μg/m3) 46.9 (45.6–48.8) 46.8 (45.5–48.7) 47.2 (45.9–49.2) 47.2 (45.9–49.1)

PM2.5 (μg/m3) 10.7 (9.7–11.6) 10.7 (9.8–11.6) 10.5 (9.6–11.5) 10.6 (9.7–11.6)

PM10 (μg/m3) 18.2 (16.8–19.3) 18.2 (16.9–19.3) 18.0 (16.6–19.0) 18.0 (16.7–19.1)

Soot (μg/m3) 0.66 (0.54–0.78) 0.66 (0.55–0.78) 0.63 (0.52–0.75) 0.65 (0.54–0.76)

NO2 (μg/m3) 17.6 (14.9–21.6) 17.8 (15.1–21.8) 16.8 (14.2–19.7) 16.9 (14.3–19.6)

Ferritin (ng/ml) 47 (28–75) 118 (79–170) 30 (17–47) 34 (20–56)

Note: Data are presented as medians (interquartile range) due to non-normal distributions of the variables.
aWithin 2 years before the ferritin measurement.
bThe maximum temperature recorded on the day of donation.
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3.2 | Model selection

CFA did not provide support for the environment construct as defined

by the three variables temperature, population density and socio-

economic status. These variables did not share a high proportion of

their variance and consequently there was no convergent validity,

effectively ruling out models A and C. In models B and D, variables

Duffy phenotype, temperature, SES and height were omitted due to

very low factor loadings (<0.05). The factor loading for variable age

was also low (0.35) but this variable was not excluded, as it is

expected that this factor loading would be small, considering the other

variables in the construct (weight and BMI) are much more closely

related. All other factor loadings were above the suggested threshold

of 0.6. All latent constructs (individual characteristics, donation history

and environment) showed convergent and discriminant validity in

models B and D. Variables time and day of year, which were added to

the model outside the constructs, were also dropped due to very low

factor loadings (<0.05).

The presence of a donation history construct was the only differ-

ence between models B and D, and since new donors do not yet have

a donation history, the models only differed for active donors. Model

B had a TLI of 0.961 and RMSEA of 0.063, while model D had a TLI of

0.932 and RMSEA of 0.083. Based on these fit measures, model B fit

the data best, and was therefore used in the remainder of the

analyses.

Based on inspection of the pairwise residual correlations

between all observed variables, two covariance terms were added to

the model: one for PM2.5 and PM10 (residual correlation 0.092–

0.102, depending on sex/donor status), and one for age and popula-

tion density (residual correlation �0.151 to �0.149, depending on

sex/donor status). We also added one covariance term for weight

and BMI, as BMI was calculated using weight and was therefore

inherently dependent.

3.3 | Parameter estimates

Figure 1 shows the structure of the final model and the parameter

estimates for new donors. Parameter estimates were similar for both

sexes, but factor loadings for variables belonging to the individual

characteristics construct were higher for women than for men, indicat-

ing more shared variance. Factor loadings in the environment construct

did not differ between sexes, showing that the covariance structure

of those variables was not dependent on sex. The parameter esti-

mates for the regression coefficients show the relative importance of

each latent construct for the outcome variable. Table 3 shows the per-

centage of variance in ferritin levels that is explained by each con-

struct for each model, adding up to the total percentage of variance

explained.

Figure 2 shows the final model for active donors. As in new

donors, factor loadings in the individual characteristics construct

were higher for women than for men, and they were also higher

for new donors than for active donors. The relative importance

of individual characteristics and donation history was opposite for

both sexes: for men, donation history was correlated with ferritin

levels more strongly than individual characteristics (0.66 vs. 0.45),

while this was reversed for women (0.43 vs. 0.61). The regres-

sion coefficient of the environment construct is 0.15 for women

and 0.10 for men. The environment construct explains twice as

much variation in ferritin levels in active donors as in new

donors.

As for overall model fit, with a TLI of 0.981 and 0.979 and

RMSEA of 0.052 and 0.042, for new and active donors respectively,

both models fit very well when compared to commonly used thresh-

olds (TLI > 0.95, RMSEA < 0.06).29 R2 was calculated separately by

sex: for new donors, R2 was 0.251 for men and 0.252 for women, and

for active donors, 0.458 for men and 0.393 for women.

F IGURE 1 Final structural equation model for ferritin
determinants in new donors, with parameters estimated separately
for men and women. All parameter estimates are standardised so that
the variance of each observed variable and latent construct equals 1

TABLE 3 Relative contribution to explanation of variance of
ferritin levels per model

Construct

New donors Active donors

Women Men Women Men

Individual characteristics 23% 23% 20% 17%

Donation history NA NA 14% 25%

Environment 2% 2% 5% 4%

Total % of variance explained 25% 25% 39% 46%
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4 | DISCUSSION

This study investigated the impact of individual and environmental

determinants on ferritin levels in Dutch individuals, using SEM. The

model was able to explain 25% of ferritin level variance in new donors

for both sexes, and 46% and 39% in active donors for male and female

donors, respectively.

We found the construct composed of individual characteristics

(age, weight, and BMI) to be the most important determinant of ferri-

tin in female active donors, followed by donation history (time since

previous donation, number of donations in the past 2 years). For male

active donors, this was the opposite: donation history was a more

important determinant than individual characteristics. In both sexes,

environmental factors are associated with ferritin levels, albeit to a

lesser degree than individual characteristics and donation history.

The relationship between ferritin levels and anthropometric char-

acteristics is well-documented, and the positive correlations we found

for ferritin with age, weight and BMI are consistent with those found

in other studies.4,15,30 Men have much higher ferritin levels than

women in general and show a larger decrease in ferritin levels after

repeated donations. As a result, ferritin levels in active donors are sim-

ilarly low for women and men.4 The donation history construct

explained more variance in ferritin levels in men than in women.

Although often not explicitly mentioned, this discrepancy is also found

in previous studies, with stronger relationships between variables

regarding donation history and ferritin for men than for women.15

A reasonable explanation for this is that men commonly display more

variation in donation history variables due to the possibility of more

frequent donations: in many blood services, men are allowed to

donate more often than women and are usually less frequently

deferred for low haemoglobin levels.31

From previous epidemiological studies, we know that environ-

mental factors may play a role in iron metabolism, and that certain

pollutants can disrupt iron homeostasis.32 Our study shows that

although environmental factors are less strongly associated with ferri-

tin levels than individual characteristics and donation history, their

effects are far from negligible. Because of the wide reach of environ-

mental exposures over geographic areas, even a relatively small influ-

ence on individuals can result in a large effect on the population level.

As this study includes only data from the Netherlands, which is a rela-

tively small country, associations between environmental variables

and ferritin levels were not very strong, as was expected. Repeating

this study on a larger, or even global, scale may result in finding a

more substantial effect.

Higher values for all but one environmental factor (ozone) were

positively correlated with higher ferritin levels. These findings support

the hypothesis that air pollution causes higher ferritin levels. The under-

lying mechanism may be that when certain pollutants enter the lungs,

iron is transported away from the lung tissue surface and stored in fer-

ritin complexes to avoid chemical reactions between iron and the pol-

lutant.18,33 This would imply that using serum ferritin as a proxy for

total body iron is less reliable when there is significant air pollution.

F IGURE 2 Final structural equation
model for ferritin determinants in active
donors, with parameters estimated
separately for men and women. All
parameter estimates were standardised
so that the variance of each observed
variable and latent construct equals 1
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The environment construct was more strongly associated with fer-

ritin level in active donors than in new donors. In new donors, envi-

ronmental factors explain 2% of variance in ferritin levels, while in

active donors this increases to 4%–5% depending on sex. This indi-

cates that environmental factors are more important for ferritin recov-

ery after blood loss than for naive ferritin level. A plausible

explanation for this difference is that since both exposure to air pollu-

tion and donating blood causes significant disruptions to iron homeo-

stasis, these disruptions may interact and together have a larger effect

than simply additive.

SEM is a technique well-suited to test hypotheses on how differ-

ent factors interact and correlate with a specific outcome like ferritin

levels, especially when there are many factors to consider. Compared

to multiple (linear) regression, more complex models can be tested,

and for each variable measurement error is taken into account.34

Moreover, the percentage of variance explained by groups of related

variables can be calculated and compared. The stratified approach in

this study also adds to the model validity: parameter estimates can be

compared across groups, allowing discovery of implausible results.

Our analyses show that the convergent validity of the individual char-

acteristics construct is lower for active donors than for new donors.

This may indicate that new donors are a more homogenous group

than active donors, which is likely due to the more narrow age range

of new donors. Other strengths of this study are its large sample size

and collection of data throughout the country.

Two main limitations of this study should be noted: its generaliz-

ability and its restricted scope. One might be tempted to generalise

the results of new donors to the general Dutch population, as these

donors have never donated blood before. However, even new

donors form a very specific, generally healthier subgroup of the gen-

eral population, which means that selection bias has likely been

introduced. We can speculate that less healthy individuals would

show a higher rate of inflammation, which may cause higher serum

ferritin levels. On the other hand, iron deficient or anaemic individ-

uals are likely underrepresented in our sample. As this selection bias

most likely reduced variance in ferritin levels, this may have attenu-

ated our results.

Regarding the scope, data on some other potentially important

determinants of ferritin levels were not available in this study, the two

most important being genetics and diet.9,10 Several genetic polymor-

phisms that have an effect on iron pathways have been identified, and

these are likely to play a role in the recovery speed of ferritin levels

after blood donation.12,35–37 Dietary behaviour, and in particular

heme iron intake, is also a determinant of iron status in donors.9,15

Information on iron supplementation was also not available for this

study. Sanquin does not prescribe oral supplementation of iron to

donors, and only a small minority (8.7%) uses iron supplements.9 Infor-

mation on donors' smoking status is also expected to add value to the

model. Had these determinants been available for our analysis, the

proportion of variance explained in donor ferritin levels would likely

have increased.

This study presents a model to explain variance in ferritin levels in

individuals with or without donation history, based on three types of

determinants. The model explained a relatively large part of the vari-

ance, especially in active donors. Individual characteristics and dona-

tion history form the most important determinants of ferritin levels.

Although environmental factors accounted for less variance than the

individual and donation history constructs, their contribution is mean-

ingful and statistically significant. When clinicians or researchers use

serum ferritin as a proxy for total body iron, they should be aware of

this potentially confounding effect.

For blood services that are considering implementing ferritin test-

ing for their donors, these results are of particular value. The results

can be of use while the blood service is deciding on a sensible thresh-

old for donation: rather than implementing a one-size-fits-all thresh-

old, environmental conditions in the country can be taken into

account. If there is a high level of air pollution, ferritin levels are likely

to be overestimated, and thus a higher threshold for donation may be

desired. It could even be taken further to make ferritin thresholds

more tailored to a specific donor, by taking into account a donor's

individual characteristics.

AUTHOR CONTRIBUTIONS

Rosa de Groot, Katja van den Hurk, and Jeroen Lakerveld conceptua-

lised the study; Mart Janssen and Marieke Vinkenoog designed the

methodology; Marieke Vinkenoog, Rosa de Groot, and Jeroen Laker-

veld curated data; Marieke Vinkenoog did the formal analysis and

wrote the original draft; all authors reviewed and edited the manu-

script; Jeroen Lakerveld, Katja van den Hurk, and Mart Janssen super-

vised the study.

ACKNOWLEDGEMENTS

Geo-data were collected as part of the Geoscience and Health Cohort

Consortium (GECCO), which was financially supported by the

Netherlands Organisation for Scientific Research (NWO), the

Netherlands Organisation for Health Research and Development

(ZonMw), and Amsterdam UMC. More information: www.gecco.nl.

This study was funded by Sanquin Blood Supply Foundation, PPO-C

grants 14-028 and 18-14/L2337, and the VU University Medical

Center.

CONFLICT OF INTEREST

The authors have no competing interests.

DATA AVAILABILITY STATEMENT

Data collected on prospective and active donors by Sanquin Blood Sup-

ply Foundation will not be shared due to privacy reasons. The authors

are open to research questions from other researchers; proposals for

joint research projects may be made to the corresponding author via

e-mail. The environmental exposure data provided by the GECCO insti-

tute is based on publicly available data, and can be requested via a data

access request form available on the website: www.gecco.nl.

ORCID

Marieke Vinkenoog https://orcid.org/0000-0001-5653-8078

Mart Janssen https://orcid.org/0000-0002-1682-7817

VINKENOOG ET AL. 119

 13653148, 2023, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/tm

e.12902, W
iley O

nline L
ibrary on [16/09/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://www.gecco.nl
http://www.gecco.nl
https://orcid.org/0000-0001-5653-8078
https://orcid.org/0000-0001-5653-8078
https://orcid.org/0000-0002-1682-7817
https://orcid.org/0000-0002-1682-7817


REFERENCES

1. Abbaspour N, Hurrell R, Kelishadi R. Review on iron and its impor-

tance for human health. J Res Med Sci. 2014;19:164-174.

2. Waldvogel-Abramowski S, Waeber G, Gassner C, et al. Physiology of

iron metabolism. Transf Med Hemother. 2014;41:213-221.

3. Sweegers MG, Kraaij MGJ, Hurk K. First do no harm: iron loss in

whole blood donors. ISBT Sci Ser. 2020;15:110-117.

4. Vinkenoog M, Hurk K, Kraaij M, Leeuwen M, Janssen MP. First results

of a ferritin-based blood donor deferral policy in The Netherlands.

Transfusion. 2020;60:1785-1792.

5. Kaptoge S, di Angelantonio E, Moore C, et al. Longer-term efficiency

and safety of increasing the frequency of whole blood donation

(INTERVAL): extension study of a randomised trial of 20 757 blood

donors. Lancet Haematol. 2019;6:e510-e520.

6. Cable RG, Glynn SA, Kiss JE, et al. Iron deficiency in blood donors: the

REDS-II donor iron status evaluation (RISE) study. Transfusion. 2012;

52:702-711.
7. Spencer B. Blood donor iron status: are we bleeding them dry? Curr

Opin Hematol. 2013;20:533-539.

8. Lecube A, Hernández C, Pelegrí D, Sim�o R. Factors accounting for

high ferritin levels in obesity. Int J Obes. 2008;32:1665-1669.

9. Timmer TC, de Groot R, Rijnhart JJM, et al. Dietary intake of heme

iron is associated with ferritin and hemoglobin levels in Dutch blood

donors: results from donor InSight. Haematologica. 2019;105:2400-

2406.

10. Fairweather-Tait SJ. Iron nutrition in the UK: getting the balance

right. Proc Nutr Soc. 2004;63:519-528.

11. Bell S, Rigas AS, Magnusson MK, et al. A genome-wide meta-analysis

yields 46 new loci associating with biomarkers of iron homeostasis.

Commun Biol. 2021;4:156.

12. Kiss JE. Laboratory and genetic assessment of iron deficiency in blood

donors. Clin Lab Med. 2015;35:73-91.

13. Spencer BR, Guo Y, Cable RG, et al. Iron status and risk factors for

iron depletion in a racially/ethnically diverse blood donor population.

Transfusion. 2019;59:3146-3156.

14. Kiss JE, Brambilla D, Glynn SA, et al. Oral iron supplementation after

blood donation. JAMA. 2015;313:575-583.

15. Lobier M, Castrén J, Niittymäki P, Palokangas E, Partanen J, Arvas M.

The effect of donation activity dwarfs the effect of lifestyle, diet and

targeted iron supplementation on blood donor iron stores. PLOS One.

2019;14:e0220862.

16. Dignass A, Farrag K, Stein J. Limitations of serum ferritin in diagnos-

ing iron deficiency in inflammatory conditions. Int J Chronic Dis. 2018;

2018:1-11.

17. Ellulu MS, Patimah I, Khaza'ai H, Rahmat A, Abed Y. Obesity and

inflammation: the linking mechanism and the complications. Arch Med

Sci: AMS. 2017;13(4):851-863.

18. Ghio AJ, Cohen MD. Disruption of iron homeostasis as a mechanism

of biologic effect by ambient air pollution particles. Inhal Toxicol.

2005;17:709-716.

19. Doherty SP, Prophete C, Maciejczyk P, et al. Detection of changes in

alveolar macrophage iron status induced by select PM2.5-associated

components using iron-response protein binding activity. Inhal Toxi-

col. 2007;19:553-562.

20. Lam TM, Vaartjes I, Grobbee DE, Karssenberg D, Lakerveld J. Associ-

ations between the built environment and obesity: an umbrella

review. Int J Health Geogr. 2021;20:7.

21. de Groot R, van den Hurk K, Schoonmade LJ, de Kort WLAM, Brug J,

Lakerveld J. Urban-rural differences in the association between blood

lipids and characteristics of the built environment: a systematic

review and meta-analysis. BMJ Glob Health. 2019;4:e001017.

22. Lakerveld J, Wagtendonk AJ, Vaartjes I, Karssenberg D. Deep pheno-

typing meets big data: the Geoscience and hEalth Cohort COnsortium

(GECCO) data to enable exposome studies in The Netherlands. Int J

Health Geogr. 2020;19:49.

23. Stevens JP. Applied Multivariate Statistics for the Social Sciences. Rou-

tledge; 2012.

24. Li CH. Confirmatory factor analysis with ordinal data: comparing

robust maximum likelihood and diagonally weighted least squares.

Behav Res Methods. 2016;48:936-949.

25. R Core Team. R: A Language and Environment for Statistical Computing;

2020.

26. Zeileis A, Grothendieck G. Zoo: S3 infrastructure for regular and irreg-

ular time series. J Stat Softw. 2005;14:1-27.

27. Rosseel Y. Lavaan: an R package for structural equation modeling.

J Stat Softw. 2012;48:1-36.

28. yworks. yEd Live; 2020.

29. Hu LT, Bentler PM. Cutoff criteria for fit indexes in covariance struc-

ture analysis: conventional criteria versus new alternatives. Struct Eq

Model: Multidiscip J. 2009;6:1-55. doi:10.1080/10705519909540118

30. Rigas AS, Sørensen CJ, Pedersen OB, et al. Predictors of iron levels in

14,737 Danish blood donors: results from the Danish blood donor

study. Transfusion. 2014;54:789-796.

31. Zalpuri S, Romeijn B, Allara E, et al. Variations in hemoglobin mea-

surement and eligibility criteria across blood donation services are

associated with differing low-hemoglobin deferral rates: a BEST col-

laborative study. Transfusion. 2020;60:544-552.

32. Ghio AJ, Soukup JM, Dailey LA, Madden MC. Air pollutants disrupt

iron homeostasis to impact oxidant generation, biological effects, and

tissue injury. Free Radic Biol Med. 2020;151:38-55.

33. Guo W, Zhang J, Li W, Xu M, Liu S. Disruption of iron homeostasis

and resultant health effects upon exposure to various environmental

pollutants: a critical review. J Environ Sci. 2015;34:155-164. doi:10.

1016/j.jes.2015.04.004

34. Westfall J, Yarkoni T. Statistically controlling for confounding con-

structs is harder than you think. PLoS ONE. 2016;11:e0152719.

35. Cade JE, Moreton JA, O'hara B, et al. Diet and genetic factors associ-

ated with iron status in middle-aged women. Am J Clin Nutr. 2005;

82(4):813-820.

36. Jackson HA, Carter K, Darke C, et al. HFE mutations, iron deficiency

and overload in 10 500 blood donors. Br J Haematol. 2001;114:

474-484.

37. Sørensen E, Grau K, Berg T, et al. A genetic risk factor for low serum

ferritin levels in Danish blood donors. Transfusion. 2012;52:2585-2589.

How to cite this article: Vinkenoog M, de Groot R,

Lakerveld J, Janssen M, van den Hurk K. Individual and

environmental determinants of serum ferritin levels: A

structural equation model. Transfusion Medicine. 2023;33(2):

113‐122. doi:10.1111/tme.12902

APPENDIX A

A.1 | STRUCTURAL EQUATION MODELLING OVERVIEW

Structural equation modelling (SEM) comprises a set of statistical

methods that enables researchers to assess the support for hypothesized

relationships between variables of interest. Its purpose is to account for

variation and covariation of the variables in the model. Many different

techniques are included in SEM, this appendix explains the approach

taken in this particular study. In SEM, observed variables and latent con-

structs are distinguished. Observed variables are variables in the tradi-

tional sense, which are observations in the data set that have been
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collected by the researcher. Latent constructs are theoretical concepts

that cannot be measured, but must be inferred from the observed vari-

ables; a well-known example is the latent construct intelligence that can-

not be measured directly, but can be inferred from observed variables

such as scores for an IQ test. Intuitively, observed variables that belong

to a latent construct represent the same underlying concept, and latent

constructs form in a way a dimensionality reduction of the observed var-

iables. Mathematically, latent constructs represent shared variance of

the observed variables related to the construct they belong to.

SEM is composed of two main model components: the measure-

ment model, which shows how observed variables are divided among

latent constructs, and the structural model, which shows the relation-

ships between latent constructs and outcome variable(s). First, the

measurement model is specified, and test its validity using confirma-

tory factor analysis (CFA). Often, several measurement models are

tested and compared to see which division into latent constructs best

fits the data. When the measurement model is considered to have a

good fit, the structural part of the model is added, and the model fit is

assessed for the full SEM model.

A.1.1. | Measurement model

The validity of the latent constructs must be measured in two ways:

each construct must have convergent and discriminant validity. Conver-

gent validity occurs when the observed variables belonging to the

latent construct share a high proportion of their variance. This is

assessed by the factor loadings of the observed variables onto the

latent construct: the higher the (absolute value of the) factor loading,

the stronger the indication that this variable belongs to this construct.

Very generally speaking, factor loadings greater than 0.4 are acceptable

for including a variable within a construct, but this threshold depends

greatly on the hypothesized interpretation of the latent variable. Vari-

ables with low factor loadings are excluded from the construct.

The discriminant validity of a latent construct is a measure for

how well the construct can be distinguished from the other constructs

in the model. It is measured by the covariances between latent con-

structs. A high covariance between two constructs can indicate that

these constructs are (partly) overlapping, and thus have no discrimi-

nant validity.

If convergent and discriminant validity are satisfactory, model fit

indices can be calculated for the measurement model. Commonly

used indices are the chi-square test, comparative fit index (CFI),

Tucker-Lewis index (TLI) and root mean square error of approximation

(RMSEA). The CFI and TLI are both relative measures of fit, and com-

pare the fit of the tested model against a null model, which in CFA

means that the means and variances of each variable are freely esti-

mated, but no correlations are included. CFI and TLI are on a scale

from 0 to 1, with higher values indicating a better fit of the hypothe-

sized model relative to the null model. The TLI is always more conser-

vative (lower value) than the CFI, because the TLI includes a harsher

penalty for the number of parameters estimated. Because the two fit

indices are highly correlated, only one should be reported. We chose

the TLI because of its more elegant penalty for complexity. Values

higher than 0.95 indicate good fit.

The RMSEA is an absolute measure of fit that is not sensitive to

large sample sizes, unlike the chi-square test. It uses the covariance

matrix of the entire data set and of the fitted hypothesized model,

and calculates the differences between these two. This results in a

measure between 0 and 1, with lower values indicating smaller differ-

ences and better model fit. Cut-offs of 0.08, 0.05, and 0.01 indicate

mediocre, good, and excellent fits, respectively.

If multiple measurement models are compared, as in this study,

the best fitting model is selected, based on the fit indices described

above. If these indicate sufficient model fit, the analysis can be contin-

ued with inspection of residual correlation between observed vari-

ables. If the pairwise residual correlation between two variables is

high (absolute value of 0.1 or higher is a common cut-off), this indi-

cates that these two variables share more variance than is currently

captured in the model. If this occurs, the researcher needs to decide

whether a covariance term for these two variables should be included

in the model. However, this should only be done if there is sufficient

theoretical support for an interpretable correlation between these

variables. Otherwise there is a risk of overfitting the model to the

data; after all, in confirmatory factor analysis we build upon a set of

relationships that are hypothesized by the researcher. It is not a data-

driven method of finding the best set of relationships. If such an

approach is desired, exploratory factor analysis (EFA) can be applied

instead of CFA.

A.1.2. | Structural model

The structural component is added to the model once the latent con-

structs are defined, variables with low factor loadings are removed,

and necessary covariance terms are added. The structural component

consists of the relationships between latent constructs, or between

latent constructs and outcome variable(s). With this, we now have

three types of parameters for which an estimate must be calculated:

1. Factor loadings (observed variable ! latent construct).

2. Covariances (observed variable $ observed variable).

3. Regression coefficients (latent construct ! latent construct or

outcome variable).

Each parameter adds one degree of freedom to the model, and

the number of parameters determines the identifiability of the model.

Parameter estimates can only be obtained when the number of free

parameters (the number of ‘unknowns’) is equal to or smaller than the

number of independent elements in the covariance matrix of the data

(the number of ‘knowns’), which is equal to k(k + 1)/2, where k is the

number of observed variables in the model. If there are more

unknowns than knowns, the model is under-identified and no solution

can be found. If the numbers are the same, the model is just identified,

and a unique solution can be obtained. If there are fewer unknowns

than knowns, we have an over-identified model, which means that
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there is no unique solution but multiple, and we can select the best

solution based on fit measures. An over-identified model is desired.

In most software packages parameter estimates are obtained by a

maximum likelihood estimator by default, but alternative estimators

can be chosen as well. In this study most observed variables did not

follow a normal distribution, which violates maximum likelihood esti-

mator assumptions. Therefore, the diagonally weighted least squares

(DWLS) method was used instead, which is more robust and provides

more accurate parameter estimates in case the normality assumption

is violated.

If the model is over-identified, fit measures can be reported along

with the parameter estimates. Again, TLI and RMSEA are used to

assess model fit, with the same thresholds as seen in the CFA

(TLI > 0.9, RMSEA < 0.08). If the model fit is acceptable the parameter

estimates can be interpreted. The interpretation of the parameter esti-

mates depends on the specification of the model. By default, one fac-

tor loading in each latent construct is set to 1, to fix the scale of the

latent construct. However, in order to compare factor loadings across

constructs it is useful to consider standardized parameter estimates.

The variance of the latent construct is then set to 1 and factor load-

ings are interpreted in terms of a change in variance. In this study, we

look only at the standardized parameter estimates, as we are inter-

ested in the relative importance of each observed variable and latent

construct.

Factor loadings indicate how much variance of an observed vari-

able is shared with the variance of its latent construct. Higher abso-

lute values indicate more shared variance, and the sign of the factor

loading specifies the direction of the association. Covariance terms

provide the same information for two observed variables, which can

belong to the same construct or to different constructs. If they belong

to the same construct, a high covariance term indicates that these

two variables share more variance with each other than can be

explained by the latent construct. Regression coefficients indicate

how much variance of the outcome variable is explained by the vari-

ance of the latent construct. To find the relative effect of a single

observed variable on the outcome variable, its factor loading must be

multiplied by the regression coefficient that connects the latent con-

struct to the outcome.
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