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Abstract

Background and Objectives: Blood banks use a haemoglobin (Hb) threshold before

blood donation to minimize donors’ risk of anaemia. Hb prediction models may guide

decisions on which donors to invite, and should ideally also be generally applicable,

thus in different countries and settings. In this paper, we compare the outcome of

various prediction models in different settings and highlight differences and

similarities.

Materials and Methods: Donation data of repeat donors from the past 5 years of

Australia, Belgium, Finland, the Netherlands and South Africa were used to fit five

identical prediction models: logistic regression, random forest, support vector

machine, linear mixed model and dynamic linear mixed model. Only donors with five

or more donation attempts were included to ensure having informative data from all

donors. Analyses were performed for men and women separately and outcomes

compared.

Results: Within countries and overall, different models perform similarly well. How-

ever, there are substantial differences in model performance between countries, and

there is a positive association between the deferral rate in a country and the ability

to predict donor deferral. Nonetheless, the importance of predictor variables across

countries is similar and is highest for the previous Hb level.

Conclusion: The limited impact of model architecture and country indicates that all

models show similar relationships between the predictor variables and donor defer-

ral. Donor deferral is found to be better predictable in countries with high deferral

rates. Therefore, such countries may benefit more from deferral prediction models

than those with low deferral rates.
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Highlights
• Within countries, different haemoglobin deferral prediction models perform similarly well.

• The relative importance of predictor variables is very similar across countries.

• Performance of models in different settings is dependent on the deferral rate. As a result,

prediction models may be of higher value in countries with higher deferral rates.

INTRODUCTION

To avoid blood donations by donors at risk of becoming anaemic,

blood banks test the donors’ haemoglobin (Hb) levels. In case of pre-

donation testing, a low Hb level leads to on-site deferral, which is

demotivating for donors and makes them less likely to return to the

blood bank than non-deferred donors [1, 2]. Additionally, it is in the

interest of blood banks to keep deferral rates low to save time and

costs. The ability to accurately predict low Hb deferral and adjust

donation intervals based on these predictions likely decreases deferral

rates. In the last 15 years, various Hb deferral prediction models, such

as multiple logistic regression models [3], Bayesian linear mixed

models (LMM) [4, 5] and ensemble models [6], have been evaluated

by blood banks. Most prediction models use donors’ previous Hb

measurements in combination with donor characteristics such as age

and sex, but the prediction accuracy has been modest. Nonetheless,

even models with modest accuracies could be beneficial in practice

[5]. Accurate prediction of Hb levels and/or deferral remains a difficult

task, as many factors affect Hb, and both intra- and inter-individual

variation is large. Therefore, it stands to reason that machine learning

models might improve the prediction accuracy over the traditional

regression models, as they are capable of learning more complex asso-

ciations between predictors and outcome variables. Support vector

machines (SVMs) have been shown to predict Hb deferral in Dutch

donors reasonably well [7], as do random forests (RFs) in Finnish

donors [5].

Most prediction models are developed and validated on donation

data of a single country [3, 6]. Between countries, sets of available

predictor variables differ widely. Ferritin levels, genotyping data,

smoking status and iron supplementation are examples of variables

that are associated with Hb levels but are not systematically measured

or recorded by most blood banks [8]. Therefore, prediction models

using such variables cannot be applied to data from other blood

banks. Additionally, differences in blood bank policies regarding donor

deferral require models to be calibrated for each country separately.

The SanguinStats group is a collaboration of statisticians and epi-

demiologists from several countries carrying out research in the area

of donor health. It currently consists of researchers from blood banks

in Australia, Belgium, Denmark, Finland, the Netherlands, South Africa

and the United Kingdom, as well as researchers with statistical exper-

tise who are associated with research institutes other than blood

banks. The aim of the SanguinStats group is to combine the available

expertise and data sources to develop and evaluate the outcome of

state-of-the-art models in various settings.

In this first joint paper, we present a comparison of various Hb

deferral prediction models on data from five blood banks. The goal

of this research is not to create the best performing predictor, but

rather to use exactly the same models for all datasets and to com-

pare the performance and importance of variables between coun-

tries. Therefore, only basic predictor variables that are available in

all individual countries are included in the models. Comparing the

importance of variables between countries will show whether

models show the same relationships between the variables and Hb

deferral.

This is the first study to compare multiple Hb deferral prediction

models on datasets from multiple countries. The results can be used

by other blood banks to anticipate benefits from collecting additional

measurement data and the use of various predictors for the prediction

of donor deferral.

MATERIALS AND METHODS

Data sources and variables

Within each country, data were extracted from the blood banks’ data-

base, selecting data from whole blood donors from the past 5 years.

The exact years differ per country because of the availability of up-to-

date datasets. For each country, the timeframe of data collection was

carefully selected to minimize iron-related blood bank policy changes

in the dataset. In Australia, Finland and the Netherlands, there is one

national blood bank (Australian Red Cross Lifeblood, Finnish Red

Cross Blood Service and Sanquin Blood Bank, respectively), and data

from these blood banks were used. In Belgium, data from Red Cross

Flanders were used, which covers the whole of Flanders. In

South Africa, data from South Africa National Blood Service were

used, which is the major blood bank in the country.

For this study, only donors with five or more donation attempts

were included to balance the trade-off between prediction accuracy

(which has been shown to decrease with shorter time series at least in

LMM) and data availability, as data becomes scarcer with higher

thresholds of minimum donation numbers [5].

The following donation-level variables are used in the prediction

models:
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• Donor age (‘Age’)
• Days to previous donation (‘Days to previous whole blood

donation’)
• Time of day at the start of the donation (‘Time’)
• Hb level at first donation (‘First Hb’) (not used by dynamic linear

mixed model [DLMM])

• Hb level at previous donation (‘Previous Hb’) (not used by linear

mixed model [LMM])

• Low Hb at previous donation (‘Previous visit low Hb’)
• Warm season (April–September for Northern hemisphere and

October–March for Southern hemisphere) (‘Warm season’)
• Number of consecutive deferrals since previous successful dona-

tion (‘Consecutive deferrals’)
• Number of successful donations in last 5 years (‘Recent

donations’)
• Number of low Hb measurements in the last 2 years (‘Recent

low Hb’)

Models were fitted separately for male and female donors. Unless

otherwise specified, the analyses presented in this study were per-

formed on a random subset of 10,000 donors per sex, to prevent dif-

ferences in model performance between countries due to different

dataset sizes. The outcome is a dichotomous variable: deferral or non-

deferral.

Statistical methods

Five prediction models were compared in this study: a baseline model,

RF, SVM, LMM and DLMM. Note that these models are fundamen-

tally very different. Each of the models is briefly described below.

The baseline model is a simple logistic regression model that esti-

mates the likelihood of deferral as a function of only the Hb level at

the previous donation.

RF is a classification algorithm that consists of several decision

trees, fitted on sub-samples of the data. It uses averaging to improve

predictive accuracy and prevent overfitting. The prediction output of

an RF is the class selected by the majority of the decision trees. The

RF takes as input all predictor variables listed in the previous section.

SVM is a classification algorithm that aims to find the best hyper-

plane to separate both outcome classes in a multi-dimensional space.

The SVM again takes all predictor variables listed in the previous

section as input. Note that none of the three models mentioned

above explicitly models the subsequent donations, but rather uses

aggregated information on donation history (see list above). This is

where these differ from LMM and DLMM, which include a donor-

specific intercept as the only random effect.

LMM does not include previous Hb as a predictor, but instead

uses the first Hb level. DLMM, however, does include the previous

Hb as a predictor. Both LMM and DLMM are regression models that

predict not Hb deferral but the actual Hb level. If this predicted Hb

level is lower than the country-specific donation threshold, deferral is

predicted. These LMMs were trained in a Bayesian setting with

weakly informative conjugate priors. They are described in more detail

in a previous article [5], and they are essentially simplified versions of

the models proposed by Nasserinejad et al. [4], excluding the model-

ling of the temporary reduction in Hb after blood donation.

Model performance is assessed using the area under the

precision–recall (AUPR) curve. As no perfect model exists, each model

provides an estimate of the probability of deferring a donor. Depend-

ing on the probability that is applied as a classification threshold

(so anyone with a higher probability of deferral is labelled ‘deferral’
and the others ‘non-deferral’), a different number of correct and

incorrect predictions will be found. The precision–recall curve is a

graph in which the recall versus the precision of a prediction model at

varying classification thresholds is shown, where precision is the pro-

portion of correctly predicted deferrals of all predicted deferrals and

recall is the proportion of all deferred donors that were correctly

labelled as such. The higher the AUPR curve, the better the prediction

model’s performance. To fairly compare AUPR across countries, we

adjusted the AUPR values by subtracting the countries’ deferral rate.

The adjusted value now indicates the improvement by the model over

always predicting non-deferral.

SHapley Additive exPlanations (SHAP) values were used to quan-

tify the contribution of each predictor variable to the prediction for

each individual observation [9]. Because SHAP values are model-

agnostic, they can be calculated and compared for each model. This

results in variable importance measures even for models that do not

have interpretable coefficients, such as RF and SVM.

Docker container

To ensure that all collaborators perform exactly the same analyses, but

without having to export data outside of their organization or between

jurisdictions, we implemented all models for Hb-deferral prediction in a

Docker container whose development was started earlier [5]. The

Docker platform is easy to install on all major operating systems. After

installation, the Docker container image can be downloaded and the

user can run all models presented in this paper in a secure environment

(without requiring an internet connection). For this study, we added an

implementation of the SVM to the container, in addition to some spe-

cific improvements to facilitate the comparison of outputs. Both the

ready-to-use container image [10] and its source code [11] are freely

available through Dockerhub and Github, respectively. All analyses pre-

sented in this paper were obtained using version 0.32 of the container.

Analyses of the results were performed using the R language and envi-

ronment for statistical computing (version 4.2.0) [12], using packages

dplyr (version 1.0.9) [13] and tidyr (version 1.2.0) [14] to handle data,

and ggplot2 (version 3.3.6) [15] to create graphs.

RESULTS

Table 1 shows the distribution of the predictor variables in all

countries.
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Hb measurement and deferral policies

All participating countries use Hbmeasurements to defer donors, but there

are differences in how Hb is measured and when donors are deferred.

Table 2 shows a summary ofHb-deferral-related policies per country.

Comparison of model performance

Figure 1 shows the AUPR values (adjusted for deferral rate) and their

confidence intervals for all models for all countries. All models outper-

form the baseline model in all countries. Performance of different

models does not differ greatly within one country, except for Australian

female donors, for which RF and SVM clearly outperform the LMM and

DLMM. The same pattern is visible in South African male donors,

although less obvious, and slightly in Belgium. In general, variation in

within-country model performance is much smaller than variation

between countries. Belgium and South Africa obtain significantly

higher AUPR values than the other three countries in all models, except

for the high-performing RF and SVMon Australian female donors.

Tables 3 and 4 show the predicted versus observed outcomes of

the model with the lowest AUPR (baseline model, female donors,

Finland; unadjusted AUPR = 0.07) and the model with the highest AUPR

(RF, male donors, South Africa; unadjusted AUPR = 0.69) to illustrate

the AUPRs with actual case counts to make the results more tangible.

Figure 2 shows the deferral rate and AUPR for all countries and

models. Even though the AUPR values are adjusted for the deferral

rate, there is still a positive correlation between deferral rate and

(adjusted) AUPR. All models show the same pattern for this associa-

tion. Again, we see that for Australian female donors the RF and SVM

obtain a much higher AUPR than expected based on the deferral rate.

To further investigate whether the low deferral rates indeed

affect the ability of the models to predict deferral, we intentionally

modified the deferral rate of the Belgian datasets by removing a vary-

ing proportion of the deferred donors from the dataset and refitting

the models on these adapted datasets. The results are shown in

Figure 3. This figure clearly shows the positive association between

deferral rate and AUPR. There is no monotonically increasing associa-

tion even though the datasets with lower deferral rates are subsets of

the datasets with larger deferral rates. The fact that classification

tasks are more difficult when there is a large imbalance between out-

come classes is a well-known phenomenon in statistics [16].

Importance of individual variables

Figure 4 shows the variable importances derived from SHAP values

calculated on a random subset of 1000 donors from the validation

data. Variable importances are presented as mean absolute attribution

(MAA) values. Variables are sorted by MAA over all countries and

models (represented by the horizontal bars). For each individual coun-

try, the MAA values are provided and connected by a line.

RF and SVM

Comparing variable importances between countries within the same

model allows identification of differences in predictive power of indi-

vidual model parameters. In the RF and SVM models, previous Hb is

the most important predictor for all countries and sexes and has

almost twice the MAA of the second-most important predictor. The

MAA for most variables is similar across countries. There are some

T AB L E 2 Haemoglobin (Hb) measurement and donor deferral policies per country.

Country When and how is Hb measured? When is the donor deferred?

Australia Capillary skin-prick Hb measurement by haemoglobinometer

before each donation. If the Hb is below the threshold, a

venous sample is taken from the non-donation arm and Hb is

measured using the haemoglobinometer at the donation site

to confirm.

Hb levels below 120 g/L (women) or below 130 g/L (men) as

well as donors with a 20 g/L drop in Hb level relative to

their previous donation.

Belgium Haematology analyser Hb measurement from venous sample

after every successful donation.

Capillary skin-prick Hb measurement before donation for new

donors and for donors with a venous Hb below the eligibility

threshold at the previous donation.

Hb level below 125 g/L (women) or below 135 g/L (men) at

previous and current donation.

Finland Capillary skin-prick Hb measurement point of care (POC) before

each donation. If the Hb is below threshold, venous sample is

taken and Hb measured by POC device at donation site [19].

Hb level below 125 g/L (women) or below 135 g/L (men) as

well as donors with a 20 g/L drop in Hb level relative to

their previous donation.

The

Netherlands

Capillary skin-prick Hb measurement before each donation. If a

Hb level is below the threshold, the measurement is repeated

(up to three times in total). The highest value is used for the

deferral decision. Since late 2017, donors are also deferred for

low ferritin levels.

Hb level below 125 g/L (women) or below 135 g/L (men).

South Africa Capillary skin-prick Hb measurement before each donation. Hb level below 120 g/L (women) or below 130 g/L (men).

Before 2020, cut-off levels of 125 and 135 g/L were

used.
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exceptions, however: for South Africa, the number of recent low Hb

measurements is much more important than in other countries, as well

as the deferral status of the previous blood bank visit. For Belgium,

whether the donation visit took place during the warm season is more

important than in the other countries.

Linear and dynamic linear mixed models

For the LMMs, the MAA of variables show the highest similarity

between countries. A donor’s first Hb measurement is the most

important predictor, and all other predictor variables have a rela-

tively low MAA in comparison. Conversely, for DLMMs, there is

much more variation in MAA values between countries and

between sexes. For female donors, the most important predictor

is age, and previous Hb is only the third-most important predic-

tor, which deviates considerably from what was found for all

other models. In both LMM and DLLM, the difference in MAA

for age between sexes is much larger than in RF and SVM

models.

Unlike the RF and SVM models, the LMM and DLMM estimate

regression coefficients that may be compared across countries. For

F I GU R E 1 Area under the precision–recall (AUPR) curve for all countries and all models. Note that each AUPR curve is adjusted by
subtraction of the country’s deferral rate.

T AB L E 3 Observed versus predicted outcomes of the baseline
model applied to female Finnish donors.

Observed outcome

Predicted outcome Accepted Deferred

Accepted 1146 10

Deferred 807 37

Note: This is the model with the lowest area under the precision–recall
(0.07). The precision of class deferral is 0.04 and the recall is 0.79.

T AB L E 4 Observed versus predicted outcomes of the random
forest model applied to male South African donors.

Observed outcome

Predicted outcome Accepted Deferred

Accepted 1433 108

Deferred 195 264

Note: This is the model with the highest area under the precision–recall
(0.69). The precision of class deferral is 0.58 and the recall is 0.71.

6 VINKENOOG ET AL.

 14230410, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/vox.13426 by E

rasm
us U

niversity R
otterdam

 U
niversiteitsbibliotheek, W

iley O
nline L

ibrary on [06/04/2023]. 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



consistency with other model results, we compared the MAA out-

put rather than regression coefficients. A comparison of regression

coefficients can be found in Supplementary Material. For all vari-

ables except for ‘Low Hb at previous visit’ (which is the second to

last most important predictor), coefficients are very similar

between countries and 95% highest posterior density intervals

mostly overlap.

Absolute value of MAA per model

It should be noted that the MAA values for different models are

on different scales. In the baseline and SVM, SHAP values are

on the log-odds scale, while for the RF and (dynamic) LMM,

these are expressed on the probability scale. Since only the

relative size of MAA values within models are compared, the dif-

ference in scales has no effect on the interpretation of the

results.

The effect of sample size

We fitted the same models as above on the full datasets from Finland,

the Netherlands and Australia to see whether this improves perfor-

mance. This experiment showed that using the full dataset increases

performance only by a very small amount and within the size of the

confidence interval for the subsample of 10,000 donors.

DISCUSSION

In this paper, various prediction models for Hb deferral were applied

to blood bank visit data from five countries to investigate the perfor-

mance of prediction models in different settings. In all countries, the

baseline was outperformed by all other models, although the overall

performance was quite low for all models in all countries. Model per-

formance, however, varies considerably between countries, and a high

deferral rate is associated with better model performance. The relative

F I GU R E 2 Adjusted area under the precision–recall value versus deferral rate in various settings for various models.

INTERNATIONAL Hb DEFERRAL PREDICTION MODELS 7
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importance of individual predictors is very similar in different coun-

tries. In particular, the Hb level at previous donation is an important

predictor for donor deferral in almost all models. This indicates that

models learn the same associations in different settings, which sup-

ports the idea that these associations are the result of similar biologi-

cal processes underlying donor deferral.

The similarity of the relative importance of predictors also indi-

cates that the differences in performance are not caused by different

associations between predictors and Hb deferral. Rather, deferrals are

more difficult to predict in countries with low deferral rates as there

are fewer deferrals. The experiment with the Belgian data, which

shows that the predictability collapses with a decrease in deferral rate,

supports this finding. However, there appears to be an exception with

the Australian data on female donors, where a relatively high AUPR is

obtained for two models despite the very low deferral rate. Another

possible explanation for the difference in performance could be that

data collected in some countries is more informative than in others,

for instance due to differences in the accuracy of Hb measurements

and/or differences in deferral policies. However, we were unable to

confirm this as a plausible hypothesis: Hb deferral is based on the

same capillary measurement in South Africa and the Netherlands, and

yet model performance on South African data is much higher than on

Dutch data.

This study is the first to compare prediction models for Hb defer-

ral across different settings. By focusing on the comparison of models

between countries rather than optimizing model performance based

on variables available within a single country, the effect of the setting

on model performance becomes visible. We show that low deferral

rates substantially limit model performance, although they do not hin-

der the model in learning the same associations as with higher deferral

rates. Comparing results for male donors from Australia and

South Africa illustrates this perfectly: the deferral rate in South Africa

is more than 10-fold than in Australia (18.6% vs. 1.4%), resulting in a

much higher AUPR (0.50 vs. 0.08 for RF), yet the variable importance

is very similar.

Our findings are also in line with previously published work on

Hb deferral prediction, which consistently shows that previous Hb

measurements are by far the most important predictor [3, 5, 8].

Another interesting finding is that LMM, which is the only model to

use a donor’s first Hb instead of the previous Hb, performs just as well

as the other models. This may indicate that most donors’ Hb levels are

quite stable over time, and that predictions of personalized donation

intervals can already be made after a first Hb measurement at donor

intake. To account for sudden drops in Hb level, inclusion of the previ-

ous Hb seems to be more relevant. The importance of first Hb levels

is also shown by others [17], which indicates that iron dynamics

F I GU R E 3 Adjusted area under the precision–recall as a function of the deferral rate for various deferral levels in the Belgian dataset. The
reduction in deferral rate was obtained by sequentially removing an increasing number of deferred donations from the data.
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(Hb and ferritin levels) in blood donors can be predicted over a longer

period from the Hb and ferritin levels at donor intake.

Although this study offers new insights into the predictability of

donor deferral in different settings, the actual predictive value of the

models is low, which may be explained by the substantial variability in

Hb measurement outcomes [18]. Note also that all analyses were

done on donors with at least five donation attempts, which limits the

generalizability of the models to the full donor population. Many

blood banks collect more variables than were used in the predictions

in this study and including those may improve model performance.

Improved performance is paramount, as a model will create added

value for the blood bank only when the benefits of the correctly pre-

dicted deferrals will outweigh the loss due to incorrectly predicted

deferrals. The prediction of a potential reduction of donation intervals

by some donors by the model may again add to the value of applying

such prediction models.

Currently, the development of prediction models requires exten-

sive expertise and data to enable prediction of donor deferral. Ideally,

the work and insights developed by this collaboration would result in

strategies that could also be of use to countries with limited

resources.

In conclusion, this study shows that model architecture in most

cases has a limited impact on the performance of prediction models

for donor deferral, but in some cases, exemplified by Australia, certain

model architectures can capture the data better than others. It would

be recommended for any new country starting with Hb deferral pre-

diction to try several architectures if possible. Adding better predictor

variables to the different model could considerably improve predictive

performance. Performance is strongly affected by the donor deferral

rate. For most countries with low deferral rates, prediction models are

unlikely to contribute to an effective reduction of donor deferral rates.

Conversely, deferral prediction models may be applied in countries

with high deferral rates to reduce on-site deferral of donors. Hb defer-

ral remains a relevant topic, as it negatively affects both donors and

blood services. By joining efforts, we can enhance our understanding

of which generic factors affect donor deferral and to what extent.

Also, only by studying the performance in different settings,

organization-specific and operational characteristics may be identified

that enhance or deteriorate prediction models’ performance, which

may indicate directions for further research and meaningful policy

changes.
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