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Background and Objectives: On-site haemoglobin deferral for blood donors is
sometimes necessary for donor health but demotivating for donors and inefficient
for the blood bank. Deferral rates could be reduced by accurately predicting donors’
haemoglobin status before they visit the blood bank. Although such predictive
models have been published, there is ample room for improvement in predictive per-
formance. We aim to assess the added value of ferritin levels or genetic markers as
predictor variables in haemoglobin deferral prediction models.

Materials and Methods: Support vector machines with and without this information
(the full and reduced model, respectively) are compared in Finland and the
Netherlands. Genetic markers are available in the Finnish data and ferritin levels in
the Dutch data.

Results: Although there is a clear association between haemoglobin deferral and both
ferritin levels and several genetic markers, predictive performance increases only
marginally with their inclusion as predictors. The recall of deferrals increases from
68.6% to 69.9% with genetic markers and from 79.7% to 80.0% with ferritin levels
included. Subgroup analyses show that the added value of these predictors is higher
in specific subgroups, for example, for donors with minor alleles on single-nucleotide
polymorphism 17:58358769, recall of deferral increases from 73.3% to 93.3%.
Conclusion: Including ferritin levels or genetic markers in haemoglobin deferral pre-
diction models improves predictive performance. The increase in overall performance
is small but may be substantial for specific subgroups. We recommend including this
information as predictor variables when available, but not to collect it for this

purpose only.
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Highlights
e Ferritin is routinely measured in some blood services, and genetic information for several

iron-related single-nucleotide polymorphisms (SNPs) are collected by some others.
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o Inclusion of ferritin levels or genetic markers in haemoglobin deferral prediction models only

marginally increases the predictability of blood donor deferrals.

e For donors with minor alleles on SNP 17:58358769, or donors with ferritin levels between

30 and 50 pg/L, the predictability of donor deferral increases considerably.

INTRODUCTION

Deferral of blood donors with low haemoglobin levels is necessary to
prevent iron depletion. Currently, in Finland and the Netherlands, hae-
moglobin is measured before donation, which leads to on-site deferral
if haemoglobin is below the donation threshold of 7.8 mmol/L (125 g/L)
for women or 8.4 mmol/L (135 g/L) for men. On-site deferral is demoti-
vating for donors and can be a reason to drop out of the donor pool per-
manently [1]. Haemoglobin deferral prediction models can help reduce
the on-site deferral rate: for invitation-based donations, predictions can
be included in the decision-making process of which donors to invite; for
walk-in donations, the prediction could be communicated to the donor
(e.g., shown on a donor dashboard or app that many blood banks offer),
who can use this information to decide when to visit the blood bank.

Currently, haemoglobin deferral prediction models are not very
accurate at predicting deferral on the specific day a donor may visit the
blood bank. Although it is possible to correctly predict most deferrals as
such (and therefore prevent them), this comes at the cost of incorrectly
predicting some non-deferrals to be deferrals, which results in a large
net loss of donations if these donors are then not invited to the blood
bank based on this incorrect prediction. However, in a previous study
we showed that predicting haemoglobin deferral at different time points,
and inviting a donor once the predicted outcome is ‘non-deferral’,
results in non-deferred donors to be invited earlier and deferred donors
to be invited later, thereby eliminating the loss of successful dona-
tions [2]. This tells us that haemoglobin deferral prediction models are
useful, and it is worth the effort of trying to improve the predictions.

Multiple studies [3-5] have shown previous haemoglobin levels to
be the most important predictor of future haemoglobin deferral.
Researchers from blood services in different countries have investi-
gated many different potential predictors of haemoglobin deferral, to
assess whether the inclusion of these predictors improves prediction
performance. Most of these predictors were found to not substantially
improve the models: information on menstruation, diet, ethnicity and
smoking all only slightly improve model performance, even though they
are known to be associated with iron stores [4]. One small-scale study
on 261 donors did show that ferritin, soluble transferrin receptor and
hepcidin were associated with subsequent anaemia [5].

In this study, we investigate the added value of including ferritin
levels and genetic information in haemoglobin deferral prediction
models. Ferritin is routinely measured at Sanquin, the Dutch national
blood service, and therefore available for all donors. Genetic informa-
tion for several iron-related single-nucleotide polymorphisms (SNPs) is
collected for many donors by the Finnish Red Cross blood service.
Because the information in both countries is collected without target-

ing specific donors, our results provide a realistic indication of how

much predictions would be improved if the prediction model was to
be used in practice. Our results will therefore be useful for blood ser-
vices that would like to collect additional donor information to

improve haemoglobin deferral predictions.

METHODS

Data

Data on blood donation attempts by whole-blood donors from
(almost) five recent years were extracted from the eProgesa database
(MAK-SYSTEM, Paris, France) in Finland and the Netherlands. Only
data from donors who explicitly provided informed consent for the
use of their data for scientific research were used. This consent is
given by more than 99% of all Dutch donors. All Finnish blood donors
studied provided informed consent for biobank research in accor-
dance with the Finnish Biobank Act and the study was approved by
the Blood Service Biobank (project 004_2019). In Finland, ~23% of
active blood donors have given this consent since the founding of the
Blood Service Biobank in 2017.

Finnish data reflect data entries from January 2016 through April
2020 and Dutch data from January 2017 through December 2021.
For each visit, the following information was collected in both coun-
tries: donor sex, donor age, donation date and haemoglobin level.
Additionally, ferritin level is measured at every new donor intake and
upon every fifth donation in repeat donors in the Netherlands.

In Finland, only donors participating in the Blood Service Biobank
are included, as only for these donors, genetic information related to
iron metabolism is available [6]. Four SNPs were identified as signifi-
cantly associated with higher prevalence of iron deficiency anaemia in
an iron deficiency anaemia meta-analysis on Finnish and UK data.
Polygenic risk scores were derived for three related endpoints: iron
deficiency anaemia, ferritin and haemoglobin [7].

In total, complete information on the predictor variables (see
Table 1) was available for 172,508 donation attempts by 42,255
donors in Finland and 456,384 donation attempts by 157,423 donors
in the Netherlands.

The variable of interest is ‘HbOK’, a dichotomous variable that
indicates whether the result of the donation attempt was deferral
(i.e., haemoglobin [Hb] level below the eligibility threshold for dona-
tion) or non-deferral (i.e., Hb level equal to or above the threshold).

Donor deferral due to low haemoglobin is similar in Finland and
the Netherlands. Haemoglobin is measured using a capillary skin-prick
device before each donation, and eligibility thresholds for donation

are 7.8 mmol/L for women and 8.4 mmol/L for men. However, in case
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TABLE 1 Predictor variables used in each country.

Vox Sanguinis qg_j% oy | 827

Country/Countries where

Variable used Unit or values Description data are available

Sex {male, female} Biological sex of the donor; separate models are Both
trained for men and women

Age Years Donor age at time of donation Both

Month {1-12} Month of the year that the visit took place Both

NumDon Donations Number of successful (collected volume >250 mL) Both
whole-blood donations in the last 24 months

DaysSinceFirstDon Days The number of days since the donor visited the blood Both
bank for the first time

HbPrevi mmol/L Haemoglobin level at ith previous visit, for i between Both
land5

DaysSinceHbi Days Time since related Hb measurement at ith previous Both
visit, for i between 1 and 5

FerritinPrev pug/L Most recent ferritin level measured in this donor The Netherlands

SNP 1:169549811 {0,1,2} Number of minor alleles in SNP rs6025 Finland

SNP 6:32617727 {0,1,2} Number of minor alleles in SNP rs3129761 Finland

SNP 15:45095352 {0, 1, 2} Number of minor alleles in SNP rs199138 Finland

SNP 17:58358769 {0,1,2} Number of minor alleles in SNP rs199598395 Finland

PRS_anaemia Standard deviations Standardized polygenic risk score for anaemia Finland

PRS_ferritin Standard deviations Standardized polygenic risk score for ferritin Finland

PRS_haemoglobin Standard deviations Standardized polygenic risk score for haemoglobin Finland

Abbreviation: SNP, single-nucleotide polymorphisms.

the measurement is below the eligibility threshold in Finland, haemo-
globin is measured again (using the same device) in a venous sample,
and this measurement is used for the deferral decision. In the
Netherlands, two additional capillary haemoglobin measurements are
taken when the first measurement outcome is below the eligibility
threshold, and the donor is allowed to donate if any of the three mea-

surement outcomes is above the eligibility threshold.

Analyses

For both countries, two models were fitted for each sex: one with all pre-
dictor variables available (the full model), and one with only those predic-
tor variables that are available in both countries (the reduced model). By
comparing the full model with the reduced model in both countries, the
added value of the extra predictor variables (i.e., genetic information in
Finland and ferritin information in the Netherlands) can be assessed.

The prediction models used were based on models developed for
an earlier study considering Dutch data only [2]. All models are based
on support vector machines (SVMs), supervised machine learning
models that learn a separation between outcome classes from a train-
ing set, after which the model can be used to predict donor deferral
for observations in an unseen test set. Here, the training set consists
of blood bank visits in the first 4 years of data, whereas the test set
consists of data collected in the final year.

Given a dataset and a set of predictor variables, a model consists

of 10 SVM sub-models. The sub-models are named SVM-sex-n, where

sex indicates donor sex (m for male, f for female donors) and
n indicates the number of previous blood bank visits that are used for
prediction. That is, each sub-model includes HbPrevi and DaysSin-
ceHbi for i ranging from 1 to n as predictor variables. If sex is omitted
in the sub-model name, it refers to the combination of two sex-
specific sub-models. The number of blood bank visits (n) considered in
this study varies from 1 to 5, and so five sub-models per sex are cre-
ated. Donors can be included in the SVM-sex-n sub-model only if they
have at least n previous visits; therefore, the sizes of the datasets
used for both training and testing decrease from SVM-1 to SVM-5.
Hyperparameters were optimized separately for each sub-model using
stratified (on the outcome variable) fivefold cross-validation within
the training set data only. Hyperparameters were optimized using grid
search, using the balanced accuracy (defined as the weighted average
of recall in both classes) as scoring method, which is suitable for data-
sets with imbalanced outcome sizes, as mistakes in the minority class
are penalized more than those in the majority class.

During model training, the classification threshold is chosen again
by optimizing the balanced accuracy. The predictive performance of
the models is assessed using precision (also known as positive predic-
tive value) and recall (also known as sensitivity) at this classification
threshold. For non-deferral prediction, precision is defined as the pro-
portion of true non-deferrals out of all predicted non-deferrals; recall
is defined as the proportion of predicted non-deferrals out of all true
non-deferrals. In this context, the complement of the precision is the
hypothetical new deferral rate if the model would be used to choose

which donors to invite, and the complement of the recall is the
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TABLE 2 Number of donation attempts available per model for both countries; number of deferrals and deferral rates are given in brackets.

Women Men
Model Finland Netherlands Finland Netherlands
SVM-1 83,628 236,994 88,880 219,390
(3216; 3.85%) (7724, 3.26%) (1480; 1.67%) (2411; 1.10%)
SVM-2 68,718 166,640 78,268 179,465
(2494; 3.63%) (5875; 3.53%) (1264; 1.61%) (2114; 1.18%)
SVM-3 55,011 123,171 68,225 150,396
(1859; 3.38%) (4370; 3.55%) (1054; 1.54%) (1889; 1.26%)
SVM-4 43,164 93,868 58,951 127,807
(1307; 3.03%) (3149; 3.35%) (896; 1.52%) (1667; 1.40%)
SVM-5 33,179 72,165 50,540 108,832

(868; 2.62%)

(2112; 2.93%)

(749; 1.48%) (1424; 1.31%)

Abbreviation: SVM, support vector machines.

proportion of successful donations that would be missed by the model
because the donors are incorrectly predicted to have a low haemoglo-
bin level. Precision and recall can be calculated for both outcome clas-
ses (‘deferral” and ‘non-deferral’).

The precision-recall (PR) curve is a graph in which the recall and
the precision of a prediction model at varying classification thresholds
are shown. The area under this curve (AUPR), is a number between
0 and 1, where 1 would indicate a perfect classifier. By subtracting
the deferral rate from the AUPR, we get an adjusted AUPR, which
reflects the improvement by the model over a strategy that would
always predict non-deferral. Without this correction, the improvement
made by the model would be biased by the difference in deferral rate.
AUPR represents the ability of the model to distinguish between
two classes at differing classification thresholds. It is possible for
model A to have a higher AUPR than model B even if precision and
recall at the optimal classification threshold are the same in both

models.

Model explanations

Because SVMs do not provide model coefficients that can be
directly interpreted, we use Shapley Additive exPlanations (SHAP)
values to investigate the importance of different predictor vari-
ables [8]. SHAP is a model agnostic explainer that shows the con-
tribution of each predictor variable to the predicted outcome. This
contribution is calculated for each individual observation sepa-
rately (in a subsample of the test set) and is therefore very

informative.

Subgroup analysis

To further investigate the value of including ferritin and genetic infor-
mation in the models, we perform additional analyses in which donors
are placed in groups defined by ferritin level or genotype. Deferral

rate, model performance and the difference between reduced and full

model performance are calculated and compared to assess whether
there are subgroups of donors for whom including the extra variables

results in better predictions.

Software

All analyses were performed in Python 3.10 using packages numpy
and pandas for data processing, scikit-learn for model training and pre-
dictions, shap for calculating SHAP values and matplotlib for creating
graphs. All code is available on GitHub and is indexed on Zenodo at
https://doi.org/10.5281/zenodo.7780718.

RESULTS

Table 2 shows the number of donation attempts used for each model
in both countries. Deferral counts and rates are given in brackets.
Sample sizes are much larger in the Netherlands than in Finland. This
is because the total number of blood donations is much higher in the
Netherlands than in Finland, which is due to a larger population
(17.4 million vs. 5.5 million in 2020), but also because genetic informa-
tion is available in Finland in only a subgroup of donors, whereas
ferritin measurements are available for all Dutch donors.

Deferral rates are very similar in both countries, around 3% for
women and 1% for men. The biggest difference in deferral rates is
found in men with at least one previous haemoglobin measure-
ment, where the deferral rate is 0.57 percentage points higher in
Finland. In most cases, deferral rates go down whenever more pre-
vious visits are included; this is most likely the result of self-
selection, where donors with lower haemoglobin levels are less
likely to return for subsequent donations than donors with higher
haemoglobin levels. Surprisingly, for Dutch men this pattern seems
to some extent to be reversed as their deferral rate goes up with
an increasing number of donations.

Table S1 shows the marginal distribution of the predictor vari-

ables, combined for all sub-models. Donors in Finland are older than
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FIGURE 1 Adjusted area under precision-recall curve (AUPR) by sub-model for the Netherlands (NL) and Finland (Fl) for both sets of
predictor variables. SVM, support vector machines.

donors in the Netherlands (median age 46 vs. 30 years in women, in the adjusted AUPR. For male donors, class non-deferral, the adjusted

52 vs. 34 years in men) and the number of donations in the past AUPR does not seem to change from SVM-m-1 to SVM-m-5.

2 years (‘NumDon’) is also higher, with a difference in median dona- Overall model performance and the difference in model perfor-
tions of 2 for both sexes. This difference can be explained by the sam- mance between the full and reduced models are assessed by PR curves
ple composition: the Finnish dataset consists of participants of the and adjusted AUPR values as described in Section 2. Figure 2 shows
Blood Service Biobank, who have given consent for medical research the PR curves for various models (SVM-1 through SVM-5, using the
and are typically regular, committed blood donors. Genetic informa- model with the most predictor variables possible for each donation
tion is available only for these donors. attempt) by sex and true outcome class. In general, models are better at
Haemoglobin levels are slightly higher in Finland for both sexes identifying non-deferrals (the most common outcome) than deferrals,
for all variables HbPrevi, by 0.1-0.3 mmol/L. The time between sub- even with scoring methods that weigh mistakes in both outcome clas-
sequent donation attempts (variables DaysSinceHbi) is slightly shorter ses proportionally. However, all curves are well above the baseline, indi-
for Finnish women than for Dutch women, but almost identical for cating a structural improvement as compared to random guessing.
men. This difference can be partly explained by a difference in When comparing the reduced models with each other, one can
minimum donation interval between blood donations: for women, observe that the performance is very similar in both countries. For

91 days in Finland versus 122 days in the Netherlands; for men, women the AUPR is higher in Finland than in the Netherlands for the

61 days in Finland versus 57 days in the Netherlands. class deferral, but lower for the class non-deferral. This indicates that
deferrals are more likely to be predicted correctly, but at the cost of
more inaccuracies when predicting non-deferrals.

Predictive performance Moving from the reduced to the full model has virtually no effect

on the AUPR for the class non-deferral: the AUPR of the full model is
Predictive performance can be assessed for individual sub-models, or almost identical to that of the reduced model for both countries and
for all sub-models combined, by using the most complex sub-model sexes. For the class deferral, however, there is a difference: in Finland,

possible to predict each outcome. When more previous blood bank AUPR increases by 58% (from 0.066 to 0.104) for men and by 8.5%

visits are taken into consideration, more predictor variables are used, (from 0.106 to 0.115) for women. In the Netherlands, AUPR remains
and we expect the performance of the sub-model to increase. Figure 1 the same for women (0.086 for both) but increases by 8.3% (from
shows that this is the case for both the full and reduced model in both 0.072 to 0.078) for men.

countries. The adjusted AUPR increases from SVM-1 to SVM-5 almost Table 3 provides the confusion matrices of model predictions by
everywhere. An exception is the AUPR for class deferral in SVM-m-5, the reduced and full models for both countries. In the Finnish data,
where the reduced model for Finnish donors shows an unexpected drop going from the reduced to the full model causes 7 (1.9%) more
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FIGURE 2 Precision-recall curves for the prediction models. For the Netherlands (NL) and Finland (FI), the curve is shown for the reduced
and full prediction models. The baseline (proportion of observations belonging to this outcome class, i.e., for class deferral, the deferral rate) is
shown as a dotted horizontal line. AUPR, adjusted area under precision-recall.

TABLE 3 Confusion matrices of predictions by the reduced and full models.

Finnish donors: Reduced-model

Finnish donors: Full model

Predicted deferral Predicted non-deferral
True deferral 363 166
True non-deferral 4573 18,713

Dutch donors: Reduced model

Predicted non-deferral
159 (-7)
18,624 (+59)

Predicted deferral
370 (+7)
4662 (—59)

True deferral

True non-deferral

Dutch donors: Full model

Predicted deferral Predicted non-deferral
True deferral 3762 957

True non-deferral 56,676 145,549

Predicted deferral
3775 (+13)
55,203 (-1473)

Predicted non-deferral
944 (-13)
147,022 (+1473)

True deferral

True non-deferral

Note: Numbers are summed over both sexes and over all sub-models SVM-1 through SVM-5. Observations that can be predicted with multiple sub-models

are included in the most complex sub-model.
Abbreviation: SVM, support vector machines.

deferrals to be predicted correctly, while 59 (0.3%) more non-
deferrals are predicted correctly. These improvements were all for
female donors; at the chosen threshold values, no net changes in
the confusion matrix were seen for male donors. In the Dutch data,
13 (0.3%) more deferrals, as well as 1473 (1.0%) more non-
deferrals, are predicted correctly by the full model as compared

with the reduced model.

Note that the large increase in AUPR for Finnish male donors,
class deferral, is not reflected in the confusion matrices. The PR curve
in Figure 2 shows that the AUPR increase is due to higher precision in
the full model between a recall of O and 0.2. However, the optimal
classification threshold that is used by the models corresponds to a
recall of 0.7, at which point precision in the full model is exactly equal

to precision in the reduced model.
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FIGURE 3 Shapley Additive exPlanations (SHAP) plots for the full models on Dutch (top row) and Finnish (bottom row) data, for women (left

column) and men (right column) separately. SVM, support vector machines.

Variable importance

For all sub-models, SHAP values show the importance of the different
predictor variables on the predicted outcome. Figure 3 shows SHAP
plots of the sub-model SVM-5 of the full model, separately for both

sexes and countries.

These plots show that in both countries and for both sexes, the
most important predictor variable is HbPrev1, that is, the most recent
haemoglobin measurement. The direction of the association between
the impact on the model output and the feature value for all HbPrevi
variables is sensible: a lower haemoglobin measurement is predictive

of deferral. Age is a more important predictor variable for women than

85U8017 SUOWIIOD BAeaI 3|qedljdde aup Aq peuenob afe sejone VO ‘8sN Jo Se|ni Joj Aleiq)T8UlUO A8]1M UO (SUOIPUOD-PUE-SWLBY W0 A8 | 1M ARIq U1 UO//SANY) SUORIPUOD PUe SR | 841 885 *[Z02/TT/90] Uo AriqiTauluo A8 (1M ‘soLreiqi Aisienun uspe Aq ZTSET XOATTTT OT/I0P/W00 A8 | 1M AeIq Ul Uoy//:Sdny wouy pepeojumod ‘0T ‘€202 ‘0T0EZHT



VINKENOOG ET AL.

&LVOX Sa n g u i n iS qg—jﬂ—) Lr;teEvlzzgoTna\ S?cwety

TABLE 4 Sample sizes, deferral rates and precision and recall of outcome class deferral for subsets of donors based on values for four SNPs

(single-nucleotide polymorphisms).

SNP Minor alleles N Deferral rate
SNP 1:169549811 0 22,810 0.022
SNP 6:32617727 lor2 1005 0.026
0 7268 0.021
1 11,908 0.022
2 4639 0.026
SNP 15:45095352 0 20,831 0.022
lor2 2984 0.022
SNP 17:58358769 0 23,427 0.021
lor2 388 0.077
Total - 23,815 0.022

Precision (class deferral) Recall (class deferral)

Reduced model Full model Reduced model Full model
0.073 0.073 0.686 0.702
0.087 0.095 0.692 0.692
0.063 0.067 0.573 0.587
0.072 0.074 0.704 0.742
0.092 0.081 0.790 0.756
0.073 0.073 0.676 0.691
0.080 0.080 0.758 0.773
0.071 0.071 0.683 0.687
0.156 0.129 0.733 0.933
0.074 0.074 0.686 0.701

for men in both countries, which is known from previous studies:
young women have the highest probability of being deferred because
of low haemoglobin, due to monthly iron loss with menstruation.

The additional genetic and ferritin variables for either country
end up rather low in the variable importance ranking. The importance
of all polygenic risk score and SNP variables in the Finnish models is
very low. However, having the minor allele present in either SNP
6:32617727, SNP 15:45095354 or SNP 17:58358769 impacts the
model output negatively. This effect is more pronounced in male than

female donors.

Subgroup analysis in Finnish data

To further investigate the effect of the SNPs on deferral prediction,
model performance was calculated for groups of donors with the
same value for one SNP at a time. Donors with values 1 and 2 are
grouped together, as the proportion of donors with value 2 is
extremely low, except for the SNP on chromosome 6.

Table 4 shows that for the SNPs on chromosomes 1, 6 and
17, deferral rates are higher among donors with one or two minor
alleles than in donors with only major alleles. As these SNPs are
selected because of their association with iron deficiency or anae-
mia, this is to be expected. Additionally, precision and recall of
class deferral are generally higher for donors with minor alleles
than for those without, for both the reduced and full models. The
SNP 17:58358769 shows this same trend, but the difference
between donors with and without minor alleles is much larger. Pre-
cision in this subgroup is about twice as high as the overall preci-
sion in both the reduced and full model. The increase in recall
between the full and reduced model (which changes from 0.733 to
0.933) is the highest of all subgroups.

An additional analysis on the distribution of haemoglobin mea-
surement per donor showed that the higher deferral rate among
donors with minor alleles on SNP 17:58358769 can be explained

through a combination of a slightly lower average haemoglobin level
and a slightly higher variance. This causes these donors to have a
slightly higher deferral probability (median 32.6% for donors without
minor alleles, median 36.6% for those with minor alleles). This differ-

ence was not observed for the other SNPs.

Subset analysis in Dutch data

Similar to the subset analysis in Finnish data, model performance was
calculated for groups of donors with similar ferritin levels: <15, 15-30,
30-50, 50-100 and >100 pg/L. The first two groups are those that
would be deferred for 12 or 6 months, respectively, in accordance with
Sanquin’s ferritin deferral policy.

Table 5 shows that precision and recall are highest for donors
with ferritin levels between 30 and 50 pg/L. This is also the group of
donors with the highest deferral rate: 3.2%, versus an overall deferral
rate of 2.3%. The fact that this group has the highest deferral rate,
and not donors with lower ferritin levels, can be explained by the fact
that donors with ferritin levels below 30 pg/L were deferred for
6 months (12 months for ferritin levels below 15 pg/L) in accordance
with Sanquin’s ferritin deferral policy. This delay for the next donation
provides the donors with sufficient time to replenish their iron stores
and therefore reduces the deferral probability. Hence, donors with
ferritin levels just above the ferritin-deferral threshold will have the
highest haemoglobin-deferral rate, as they have neither the advantage
of the donation break nor that of a very high ferritin level, which also

protects against low haemoglobin levels.

DISCUSSION

Predicting deferral for low haemoglobin levels is a topic of interest to
many blood banks, as accurate predictions could aid in decreasing

deferral rates. This study investigates the added value of including
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TABLE 5 Sample sizes, deferral rates and precision and recall of outcome class deferral for various subsets of donors based on their ferritin

level.
e T N . Precision (class deferral) Recall (class deferral)
Hb only model All variables Hb only model All variables

<15 pg/L 7172 0.022 0.054 0.054 0.700 0.681
15-30 pg/L 19,903 0.022 0.058 0.056 0.744 0.783
30-50 pg/L 62,140 0.032 0.082 0.079 0.815 0.833
50-100 pg/L 65,141 0.024 0.064 0.063 0.798 0.799
>100 pg/L 52,588 0.010 0.033 0.040 0.801 0.730
Total 206,944 0.023 0.062 0.064 0.797 0.800

Abbreviation: Hb, haemoglobin.

information on the donor’s ferritin level or iron-related genetic infor-
mation to improve haemoglobin deferral prediction. This is done by
comparing prediction models with and without information on genetic
markers and ferritin levels for the Finnish and Dutch blood bank,
respectively. The reduced models (i.e., without the additional informa-
tion) use the exact same predictor variables in both countries. The
increase in AUPR is larger for adding genetic markers than it is for
adding ferritin levels. Especially for the Finnish male donors, including
genetic markers in the prediction model improves the ability of the
model to distinguish between the two outcome classes, although at
the optimal classification threshold precision and recall do not
increase from the reduced model. The SHAP values of the predictions
by the full models in both countries show that both genetic markers
and ferritin levels have a much smaller impact on the prediction than
the variables included in the reduced models, as confirmed by the
modest increase in AUPR between the reduced and full models.

Overall, including either genetic or ferritin information has little
effect on the predictions made by the models. Both increase the pro-
portion of deferrals that are predicted correctly: 1.9% and 0.3% more
deferrals are correctly identified in the Finnish and Dutch setting,
respectively, when the full model is used rather than the reduced
model. However, we found that in both countries, there is a subgroup
of donors for which the full model performs substantially better than
the reduced model. These are Finnish donors with minor alleles on
SNP 17:58358769 and Dutch donors with ferritin levels between
30 and 50 pg/L. In both cases, these are subgroups of donors with a
higher than average deferral rate. Performance for these subgroups is
already higher than average in the reduced model, but when using the
full model this difference increases even further.

Other studies have shown that previous haemoglobin measure-
ments are the most influential predictors for haemoglobin deferral.
Including lifestyle behaviour, smoking, ethnicity or menstruation in
prediction models also improves performance, but only marginally [4].
A Finnish study showed that genetic information does not improve
the predictive performance of haemoglobin levels (as opposed to hae-
moglobin deferral) [9]. This study confirms that the performance of
prediction models increases slightly when either ferritin or genetic
information is added. Still, considering the large number of donation

visits blood banks receive yearly, even a small increase could

potentially prevent hundreds of deferrals. It should be noted that the
Finnish population is more genetically homogenous than in other
countries and that they are also genetically distinct from other coun-
tries due to several historic population bottlenecks and geographical
isolation [10]. According to the Genome Aggregation Database
(gnomAD) [11], the SNP 17:58358769 minor allele frequency in the
Finnish population is 0.0147 but only 0.0007 in the European
(non-Finnish) population. It is not found in any other populations and
was discovered by an iron deficiency GWAS in the FinnGen pro-
ject [7]. This means that findings on Finnish genetic data may not be
representative for other countries, but analyses in other populations
may discover similar population-specific variations that may make the
use of genetic data more beneficial.

The main limitation of this study is that the effect of including fer-
ritin and genetic information is studied in two different countries,
rather than in a single population. By comparing against the reduced
model and reporting the relative increase in performance, we attempt
to mitigate this limitation. The very similar adjusted AUPRs of the
reduced models and the similarity in SHAP values of the models indi-
cate that the countries are rather comparable. A second limitation is
that all Dutch donors could be included in this study but only Finnish
donors from the Blood Service Biobank, as genetic information is not
available for other donors.

In general, we again confirm that accurately distinguishing defer-
rals from non-deferrals by predictive modelling is a complex task that
comes at the cost of losing a substantial number of successful dona-
tions by incorrectly predicting them to be deferrals. A major reason
for the low performance of our prediction models is the measurement
variability, partly caused by the (pre-) analytical variability of the capil-
lary haemoglobin measurements [12]. As long as we try to predict an
outcome that is highly variable, the performance of any prediction
model will remain unsatisfactory, regardless of the number of predic-
tor variables included.

However, in the absence of a better measurement or decision
strategy, it is worthwhile investigating which information would lead
to better haemoglobin deferral predictions, as it still leads to a better
understanding of the underlying process(es). Based on our results, we
would recommend including ferritin and genetic information in

prediction models in case these are readily available. Compared
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with the reduced model, including genetic information would have
resulted in 7 fewer deferrals and 59 more donations in 1 year, at a
cost of genotyping approximately 24,000 donors. Including ferritin
levels results in 13 fewer deferrals and 1473 more donations in
1 year, and although measuring ferritin levels is less expensive
than genotyping, this measurement must be repeated regularly
whereas genotyping has to be performed only once for each
donor. We would therefore not recommend collecting this infor-
mation explicitly for the use in haemoglobin deferral prediction, as
the marginal increase in performance is not likely to be worth the

investment of both time and money.
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