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Abstract
Background: Blood transfusion can be a lifesaving intervention after perioperative blood loss. Many prediction models have been
developed to identify patients most likely to require blood transfusion during elective surgery, but it is unclear whether any are suitable
for clinical practice.

Study Design and Setting: We conducted a systematic review, searching MEDLINE, Embase, PubMed, The Cochrane Library, Trans-
fusion Evidence Library, Scopus, and Web of Science databases for studies reporting the development or validation of a blood transfusion
prediction model in elective surgery patients between January 1, 2000 and June 30, 2021. We extracted study characteristics, discrimination
performance (c-statistics) of final models, and data, which we used to perform risk of bias assessment using the Prediction model risk of
bias assessment tool (PROBAST).

Results: We reviewed 66 studies (72 developed and 48 externally validated models). Pooled c-statistics of externally validated models
ranged from 0.67 to 0.78. Most developed and validated models were at high risk of bias due to handling of predictors, validation methods,
and too small sample sizes.
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Conclusion: Most blood transfusion prediction models are at high risk of bias and suffer from poor reporting and methodological qual-
ity, which must be addressed before they can be safely used in clinical practice. � 2023 The Author(s). Published by Elsevier Inc. This is
an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

Blood transfusion can be a lifesaving intervention when
there is perioperative blood loss during elective/planned
surgery [1]. In the United Kingdom, approximately a third
of the 1.5 million units of red blood cells (RBCs) issued
each year are used in surgery [2e4]. Preoperative blood
typing and antibody screening (procedures conducted under
a ‘group and save’ or ‘type and screen,’ is where a patient’s
blood group and presence of atypical red cell antibodies in
their blood is determined). Cross-matching (a laboratory
process to ensure compatibility of donated blood products
for a specific patient) ensures appropriate blood products
are available when needed.

An inability to accurately predict which patients will
require blood transfusion causes inefficiencies and other
problems. Assuming patients need blood transfusions who
ultimately do not results in unnecessary preoperative prep-
arations, increasing costs, potentially decreasing patient
satisfaction as they attend additional hospital visits and
phlebotomy, and wasting blood products [5e7], which is
of increasing concern given the recent UK blood shortage
[8,9]. Conversely, incorrectly assuming patients will not
require a blood transfusion may result in same-day surgery
cancellations, that potentially lifesaving blood products are
not available, or patient morbidity or mortality through un-
treated anaemia, delayed administration of blood products,
or administration of incompatible blood products [10].

Increasing the efficiency of surgical pathways is crucial
for tackling the unprecedented surgical waiting lists
following the COVID-19 pandemic [11]. Accurately pre-
dicting which patients will require blood transfusion and
should receive group and save would improve pathway ef-
ficiency and lower costs. Prediction modelling and predic-
tion model research is widely used in health care and has
improved care delivery in many clinical areas through
development, validation, and implementation of multivari-
able models for prediction of individual diagnosis and prog-
nosis [12e14]. It is an attractive strategy for selecting
patients for preoperative group and save or cross-
matching. Predicting risk of blood transfusion is closely
aligned with predicting blood loss volume and may also
facilitate the use of optimal blood management strategies
[15] and reduce variation in transfusion practice [16e18].

The value of identifying patients at greatest risk of blood
transfusion has driven the development of many prediction
models in diverse clinical settings [19e22]. However, their
quality and performance has not been evaluated, and none
have been incorporated into clinical guidelines. We aimed
to describe and critically appraise studies developing and
validating blood transfusion prediction models used perio-
peratively in patients undergoing elective surgery. We also
aimed to identify and list common blood transfusion pre-
dictors and summarize the predictive performance of these
models.
2. Methods

We conducted a systematic review of risk prediction
models that predict blood transfusion indication, amount,
or timing in patients undergoing elective surgery and
covering pre, intra, and postoperative periods (PROSPERO
registration CRD42019132342). We focussed our review on
patients undergoing elective surgery as there is more time
to preoperatively assess these patients and plan for surgery
compared with patients admitted for emergency proced-
ures. Elective surgery provides an opportunity in clinical
care order blood product in timely manner and to also
reduce blood wastage by preventing unnecessary ordering
for patients with low risk of needing it.

Blood transfusion was defined as transfusion of donor
blood, not autologous transfusion. We refer to ‘donor blood
transfusion’ as ‘blood transfusion.’ We report this study
following the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) statement and
PRISMA extension for reporting literature searches
(PRISMA-S) [23,24].

2.1. Eligibility criteria

Eligible studies were primary research studies reporting
development or validation of blood transfusion prediction
models in elective surgery patients as their primary aim.
A blood transfusion model was defined as a multivariable
(two or more predictors) risk prediction model for transfu-
sion of red cell concentrates, fresh frozen plasma, platelets,
or cryoprecipitate.

We included models intended for use in secondary and
tertiary care and where the outcome was indication of blood
transfusion, number of units transfused, or timing of trans-
fusion. To ensure prediction model studies more applicable
to and reflective of current clinical practice were included,
we limited the search to studies published in the English
language after January 01, 2000, including epub ahead of
print, in-process, and other nonindexed citations. We
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What is new?

Key findings
� Common predictors of red blood cell (RBC) trans-

fusion were preoperative haemoglobin, age, and
sex, which were used across most clinical
specialties.

� Included models for blood transfusion showed
moderate to good discriminatory performance
(pooled estimates ranged from 0.67 to 0.78).

� However, most blood transfusion prediction
models are at high risk of bias and suffer from poor
reporting and methodological quality.

What this adds to what is known?
� High risk of bias for most studies was driven by the

methodological issues found in the analysis.

� Common issues were inadequate samples sizes for
development and validation, excluding missing
data at the study entry and analysis level, using
univariable predictor selection and categorizing
continuous predictors, leading to increased risk of
overfitting.

� Poor reporting of key information often inhibited
the risk of bias assessment and meta-analysis of
performance estimates, where the recommended
minimum set of reporting items (TRIPOD) were
not [fully] reported.

What is the implication and what should change
now?
� The models currently available to predict blood

transfusion in elective surgery should not be imple-
mented into routine clinical care without further
validation and research that adheres to current re-
porting and methodological recommendations for
prediction modelling.

12 P. Dhiman et al. / Journal of Clin
excluded studies that were unavailable in the English lan-
guage or whose data comprised of more than 20% urgent
or emergency surgeries.

2.2. Information sources and search strategy

On 16 April 2019, we searched MEDLINE (OVID), Em-
base (OVID), PubMed (via www.pubmed.ncbi.nlm.nih.
gov), Cochrane Library (via www.cochranelibrary.com),
Transfusion Evidence Library (Evidentia Publishing), Sco-
pus (Elsevier), and Web of Science (via Clarivate Ana-
lytics) databases for studies developing and validating
prediction models published from January 01, 2000 to April
16, 2019.

On June 30, 2021, we ran an update search on the seven
databases. We used the original search strategies, except for
Embase, where free-text terms were searched for in the
keyword heading field (.kw.) rather than the keyword head-
ing word field (.kf.), which was not a search field that was
available when the update search was run, and limited the
search to articles published January 01, 2000 to June
30, 2021.

References identified by the original and update searches
were combined. We searched for and removed duplicate
references, including those already screened in the original
search, generating the list of additional references identified
by the update search.

The search strategy combined blood transfusion search
terms (e.g., ‘blood transfusion’, ‘red blood cell’, ‘blood
loss’), general elective surgery search terms (e.g., ‘elective
surgical procedures’), specific elective surgery names (e.g.,
‘hysterotomy’, ‘arthroplasty’), and prediction modelling
search terms (e.g., ‘prediction model’, ‘risk score’),
searched as controlled vocabulary headings (e.g., MeSH
or EMTREE) or free-text terms. We also searched for
named transfusion prediction models: transfusion risk and
clinical knowledge (TRACK) score, transfusion risk score
(TRS), transfusion risk understanding scoring tool
(TRUST), and PORT score for perioperative risk of blood
transfusion in cardiac surgery by ACTA (ACTA-PORT).

No other limits were applied to the searches. The full
original and update search strategies for the seven databases
are reported in Supplementary material‒Appendix A. In-
formation specialists CD and SK developed and ran the
original and updated search strategy for all databases,
respectively.
2.3. Study selection

Studies identified by the search strategy were imported
into EndNote citation manager [25] and deduplicated, then
imported into Covidence [26] for title, abstract, and full-
text screening. Duplicate articles were identified by
comparing author names, journal information, and article
titles.

For the original search, two independent reviewers sepa-
rately screened the title and abstract of all studies using the
defined eligibility criteria (VNG and AR). Three indepen-
dent reviewers then screened the full text of eligible studies
for inclusion. PD screened the full text of all articles and
VNG and AR each screened half. For the updated search,
two independent reviewers separately screened the title
and abstract of all studies using the defined eligibility
criteria (PD and JM). Two independent reviewers screened
the full text of additional eligible studies for inclusion (PD
and VNG). Screening disagreements for both searches were
discussed and adjudicated by an additional reviewer (PD or
GSC), where necessary.

http://www.pubmed.ncbi.nlm.nih.gov
http://www.pubmed.ncbi.nlm.nih.gov
http://www.cochranelibrary.com
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2.4. Data collection and data items

Datawere extracted separately for every blood transfusion
prediction model developed or validated in each study. A
standardized data extraction form was developed using the
critical appraisal and data extraction for systematic reviews
of prediction modelling studies (CHARMS), Transparent re-
porting of a multivariable prediction model for individual
prognosis or diagnosis (TRIPOD), and a tool to assess the risk
of bias and applicability of prediction model studies (PRO-
BAST) tools [27e29]. CHARMS guided the extraction of
performance measures, TRIPOD essential reporting items,
and PROBAST risk of bias items. The data extraction form
is provided supplementary materialeAppendix B.

The data extraction form was piloted on three articles by
PD, VNG, AR, and JM and amended as needed. It was pi-
loted on two articles by SA and HK to standardize data
extraction from studies included in the update. Extracted
data were collected using REDCap [30] and included items,
such as the data source, target population, predicted
outcome, prediction time span, candidate predictors, sam-
ple size, missing data, study type, and underlying model
(e.g., logistic regression, random forests).

Four independent researchers extracted the data from the
original included studies (PD, VNG, AR, and JM). Three
independent reviewers extracted the data from the updated
included studies (PD, HK, and SA). Each study was ex-
tracted twice, with PD extracting all articles. Disagree-
ments were discussed and adjudicated by an additional
reviewer (GSC), if necessary.

Article authors were contacted for further information
and clarification, if needed. Study authors were not blinded
to the article authors and their institutions.

2.5. Summary measures

We extracted numerical model performance measures
and confidence intervals or standard errors for the devel-
oped or validated prediction models. Calibration measures
agree between observed and predicted outcomes. We ex-
tracted how authors assessed calibration, including calibra-
tion plots with calibration-in-the-large or calibration slope
measures, observed:expected event ratios, and Hosmer-
Lemeshow tests. Discrimination measures how well a pre-
diction model separates individuals with and without the
outcome. We extracted the c-statistic (or c-index) and D-
statistic discrimination measures. Data were also extracted
on the reporting of additional performance measures (e.g.,
classification measures, decision curves), but numerical
values were not extracted.

2.6. Data transformation and results synthesis

Data were summarized using descriptive statistics, vi-
sual plots, and narrative synthesis. Predictors used in the
final models developed for each study were ranked and
their frequency reported. Apparent and optimism-
corrected performance measures before and after internal
validation, if reported, were summarized. We performed a
random-effects meta-analysis on all models with at least
two external validations and pooled their discrimination
performance using the reported c-statistic values. If 95%
confidence intervals and standard error for the c-statistic
point estimate were not reported, we calculated them using
the reported number of events, number of participants, and
formulae described by Debray et al. [31].

For the meta-analysis, we transformed the c-statistic and
its 95% confidence interval to the logit scale, then pooled
the estimates for each externally validated model [31]. We
back-transformed the pooled c-statistic estimates with their
95% confidence intervals before plotting the results in a for-
est plot.
2.7. Risk of bias

Risk of bias was assessed using PROBAST for each pre-
diction model development and validation analysis using
study-level information [29,32]. Developed and validated
prediction models were ranked as at low, high, or unclear
risk of bias in the participant, predictor, outcome, and anal-
ysis domains with 20 signalling questions. Supplementary
materialeAppendix C provides more information on how
risk of bias was assessed with PROBAST.

All analyses were carried out in Stata v15 and R statis-
tical software [33,34]. We used the ‘forestplot’, ‘tidyr’, and
‘dplyr’ packages in R [35e37].
3. Results

The original search retrieved 6,645 published studies,
and the update search retrieved 9,270 published studies.
Forty-nine studies were included from the original search
and another 17 studies from the update search. Studies were
primarily excluded from either search due to publication
type (n 5 50, e.g., commentary, review) and study design
(n 5 18, e.g., epidemiology study). Seventeen studies were
excluded for including more than 20% nonelective surgery
in their patient samples. Figure 1 shows a PRISMA flow di-
agram of the original and updated searches.

We included 66 studies containing 120 model develop-
ment and validation analyses: 37 development-only, 25
development-with-external validation, and four external-
validation-only. Seventy-two models were developed from
62 development or development-with-external validation
studies. Forty-eight models were validated from 29 valida-
tion or development with external validation studies, of
which 26 were validations of existing models and 22 were
validations of models created in that study. Supplementary
materialeFigure 1 shows the number of published studies
by year of publication.

Studies developing and validating prediction models for
blood transfusion were predominantly in cardiothoracic



Fig. 1. PRISMA flow diagrams of the original search (left, run on April 16, 2019) and updated search (right, run on June 30, 2021).
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(n 5 19/66 studies, 29%) and general (n 5 17/66 studies,
26%) surgery (Table 1). Models were most often developed
and validated for binary blood transfusion outcomes
(n 5 113/120 analyses, 94.2%) and transfusion of RBCs
(n 5 110/120 analyses, 92%). Over half of the developed
and validated models predicted the outcome during the ‘in-
traoperative and postoperative period’ (n 5 66/120 ana-
lyses, 55%). Where the timing of the outcome included
the postoperative period (n 5 87/120 analyses, 73%), the
prediction horizon was commonly reported as ‘end of hos-
pital stay’ (n 5 13/87 analyses, 15%) or ‘24 hours postsur-
gery’ (n 5 12/87 analyses, 14%). The prediction horizon
was not reported for 44% of models (n 5 38/87 analyses).
Supplementary material‒Table 1 provides details about the
target population, outcomes, and timing for each develop-
ment and validation analysis.

Seventy-six percent of developed models (n 5 55/72
development analyses) and 96% of validated models
(n 5 46/48 validation analyses) used logistic regression.
Thirteen studies included nonelective surgeries in their
development data and four studies in their validation data.
A median of 8% (IQR: 3.7 to 10.9%, range: 0.6 to 20%,
n 5 13 studies) nonelective surgeries were used for model
development and 13% (IQR: 8 to 20%, range: 8 to 20%,
n 5 3 studies) for model validation.
3.1. Predictors for blood transfusion outcomes

A median of 20 candidate predictors were considered in
each study developing a model (n 5 62, IQR: 15 to 29,
range: 3 to 79). Less than a third of studies provided ratio-
nale for their candidate predictors (n 5 19/62, 31%). The
number of candidate predictors was unclear in two studies
[38,39].

A median of six predictors were included in the final
model (IQR: 4 to 8, range: 2 to 17, n 5 68 development an-
alyses). The predictors included in the final model were un-
clear for four developed models. We found 135 unique
predictors across all final models developed in the 68 devel-
opment analyses that reported their final model predictors.
The most frequently included predictors in the final models
were haemoglobin (n 5 43/68 development analyses,
63%), age (n 5 38/68, 56%), and procedure detail (e.g.,
surgery route, surgery type, and transplantation procedure)
(n 5 32/68, 47%). Supplementary material‒Figure 2 lists
the top 10 predictors in the final models across all the clin-
ical procedures. Supplementary material‒Table 2 summa-
rises the model type and final predictors for all developed
models.

Twenty-four percent of studies (n 5 15/62 development
studies) examined interactions between predictors. Two
studies included these interactions in their final model: be-
tween age and sex for orthopaedic surgery [40] and be-
tween haematocrit and diabetes and age and left
ventricular ejection fraction for cardiothoracic surgery [41].
3.2. Reporting and methodology

Only three studies explained their sample size [42e44].
Model development (n 5 72 models) used a median of 884



Table 1. Study characteristics of the 66 included studies and their 120 development (n 5 72) and validation (n 5 48) analyses

All study characteristics n [ 66
development and validation studies,
120 analyses n %

Surgery type

Cardiothoracic surgery 19 28.8

General surgery 17 25.8

Obstetrics and gynaecology surgery 3 4.6

Orthopaedic surgery 7 10.6

Orthopaedic surgery (tumour) 1 1.5

Plastic surgery 4 6.1

Spinal surgery 5 7.6

Transplant surgery 9 13.6

Vascular surgery 1 1.5

Continent

Australia 2 3.0

Europe 14 21.2

North America 27 40.9

Asia 15 22.7

Unclear 8 12.1

Setting

Secondary 13 19.7

Secondary/tertiary 1 1.5

Tertiary 48 72.7

Unclear 4 6.1

Centres

Single centre 41 22.6

Multicentre 17 64.5

Not reported 8 12.9

Study design

Development-only 37 56.1

Development-with-external validation 25 37.9

External validation-only 4 6.1

Any blood producta

RBCs 110 91.7

Platelets 1 0.8

Fresh frozen plasma 1 0.8

Any (RBC/Platelet/Fresh frozen plasma/
Cryoprecipitate)

8 4.2

Outcomea

Binary (transfusion, yes/no) 113 94.2

Continuous (amount transfused) 4 3.3

Count (amount transfused) 2 1.7

Ordinal 1 0.8

Timing of outcomea

Intraoperative 27 22.5

Intraoperative and postoperative 66 55

Postoperative 18 15

Preoperative/intraoperative/
postoperative

3 2.5

Not reported 6 5

Prediction horizonb

24 hours 12 13.7

48 hours 1 1.1

(Continued )

15P. Dhiman et al. / Journal of Clinical Epidemiology 159 (2023) 10e30



Table 1. Continued

All study characteristics n [ 66
development and validation studies,
120 analyses n %

72 hours 2 2.2

5 days 2 2.2

7 days 7 8

14 days 4 4.6

30 days 7 8

End of hospital stay/before discharge 13 14.9

End of time spent in intensive care 1 1.1

Not specified 38 43.7

Development characteristics n [ 62
development studies, 72 analyses

n %

Data source

Case-control/case-cohort study (using
NSQIP registry)

1 1.6

Prospective cohort (hospital database) 15 24.2

Registry 5 8.1

Retrospective cohort (database) 39 62.9

Benchmark studies 2 3.2

Model type

Classification and regression tree
(CART)

2 2.8

Logistic regression 55 76.4

Random forest 4 5.6

Linear regression 2 2.8

CatBoost classifier 1 1.49

Generalized regression (exponential
distribution and ridge estimation)

1 1.49

Gradient-boosting model 1 1.49

Light gradient boosting machine 1 1.49

Mixed logistic regression 1 1.49

Na€ıve Bayes classifier 1 1.49

Ordinal logistic regression 1 1.49

Truncated negative binomial 1 1.49

XGBOOST 1 1.49

Validation characteristics n [ 29
validation studies, 48 analyses

n %

Data source

Prospective cohort (hospital database) 10 34.5

Registry 4 13.8

Retrospective cohort (hospital
database)

10 34.5

Not reported 5 17.2

Model type

Gradient-boosting model 1 2.1

Logistic regression 46 95.8

XGBOOST 1 2.1

Abbreviations: RBC, red blood cells; NSQIP, ACS National Surgical Quality Improvement Program.
a out of 120 development and external validation analyses.
b out of 87 (where timing of outcome includes postoperative timing).

16 P. Dhiman et al. / Journal of Clinical Epidemiology 159 (2023) 10e30
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patients (IQR: 530 to 3,034, range: 150 to 10,477, n 5 71
models) and 227 events (IQR: 106 to 449, range: 25 to
8,635, n5 57 models). External validation (n5 48 models)
used a median of 946 patients (IQR: 323 to 2,371, range: 52
to 8,982, n 5 48 models) and 204 events (IQR: 97 to 539,
range: 7 to 1,439, n 5 42 models). Missing data were
mentioned in 59% of studies (n 5 39/66 studies). Most
studies performed complete-case analysis (n 5 24/39,
62%). Only four studies used multiple imputations.

Although all development studies used continuous pre-
dictors, their handling of these predictors was inadequate
with 65% of studies categorizing their continuous data
(n 5 40/62 development studies). Of these studies, most
provided no rationale for deciding their cut-points
(n 5 29/40, 73%) with only three using clinically informed
cut-points (n 5 3/40, 8%). Only one-fifth of studies exam-
ined nonlinear terms (n 5 13/62 development studies,
21%). Three studies included nonlinear predictors in their
final model, presented as log (base 10) transformation for
platelets in general hepatobiliary surgery [20], categories
informed from restricted cubic splines for body mass index
and parity in obstetrics and gynaecology surgery [45], and
from piecewise linear functions for platelets in transplant
surgery [44].

Nearly 30% of development studies unnecessarily
reduced their available sample size by using the split-
sample approach for internal validation (n 5 18/62 devel-
opment studies, 29%). Fifteen of these studies used a
random split with a cut-point of 70% to allocate for
model development. A quarter of models were validated
using more appropriate bootstrapping procedures
(n 5 16/62, 26%) and 10% using cross-validation
(n 5 6/62). Ten studies did not internally validate their
models, of which nine used development data to assess
their models. Internal validation was unclear in 12 studies
(n 5 12/62, 19%).

Of the 48 validation analyses, 21 (44%) were fully inde-
pendent validations where the data and study author team
differed from the original model development team.
Twenty models (42%) were geographically and temporally
validated. Six models (13%) were validated using indepen-
dent data but included at least one member of the original
study author team. Table 2 shows full internal and external
validation results.

Although 89% of studies (n 5 59/66) reported discrim-
ination, only 56% (n 5 37/66) reported calibration. Cali-
bration was most often assessed using the
HosmereLemeshow test (n 5 26/37, 70%), including one
study that reported the calibration slope and intercept
alongside it. Only 10 studies presented a calibration plot
(n 5 10/37, 27%). Thirty-nine studies reported other per-
formance measures (n 5 39/66, 59%), including classifica-
tion measures such as sensitivity, specificity, and accuracy.

Supplementary materialeTable 3 provides more infor-
mation on the reporting and methodological characteristics
of the included studies.
3.3. Validation of existing modelsemeta-analysis

Eight existing models predicting blood transfusion were
externally validated more than once. These included four
unnamed models, developed for hepatic resection by Puli-
tano et al. [62] (pooled c-statistic 0.73 [0.71 to 0.75]), hep-
atectomy by Sima et al. [20] (0.68 [0.66 to 0.7]), and liver
resection by Cockbain et al. [59] (0.7 (0.67 to 0.72]) and
Quan et al. [66] (0.78 [0.75 to 0.82]). Named models
included transfusion risk and clinical knowledge (TRACK)
for cardiac surgery [22] (c-statistic 0.74 [0.73 to 0.75]), the
three-point transfusion risk score for hepatectomy [70]
(0.67 [0.65 to 0.7]), predictive model of transfusion in spine
surgery (PMTSS) [91] (0.73 [0.65 to 0.79]), and transfusion
risk understanding scoring tool (TRUST) for cardiac sur-
gery [21] (0.72 [0.7 to 0.73]). The development paper for
TRUST was not included in this review as its development
data included a high proportion (O40%) of nonelective sur-
geries. Figure 2 shows all pooled c-statistic results.

3.4. Risk groups and model presentation

Less than half of the studies reported their models in
enough detail to allow for new risk calculation (n 5 29/
62 development studies, 47%). Most of the studies reported
coefficients from regression-based models and cut-points in
classification models (e.g., random forest, CART) (n 5 62/
72 development analyses, 86%). Although the intercept is
needed to calculate predictions from regression-based
models, it was often not reported (n 5 32/61 developed
regression-based models, 52%). Fifteen studies created risk
categories to stratify patients (n 5 15/62 development
studies, 24%).

Two studies produced screening questionnaires based
their models [46,77], and over half simplified their models
for clinical use (n 5 33/62, 53%). Reasons for simplifying
prediction models included ease of use (n 5 17/33, 52%),
clinical utility (n 5 2/33, 6%), and to aid doctor-patient
communication and facilitation (n 5 2/33, 6%). Models
were also presented as nomograms (n 5 9/33, 27%),
creating an integer-based points system, counting present
predictors, a sum score, or simplified risk score (n 5 24/
33, 73%). Six studies included a link or reference to a
web calculator [42,45,66,82,95,97]. One study provided
their model’s code [83].

3.5. Risk of bias

The development and validation of most models was
considered at high risk of bias (n 5 58/72 development an-
alyses, 81%; n 5 29/48 validation analyses, 60%) (Fig. 3).
The development of only four models was at low risk of
bias: models predicting blood transfusion risk in patients
undergoing total knee arthroplasty [81], elective hepatec-
tomy [20,70], and cardiac surgery [46].

Validation of only five models from three studies was
found to be at low risk of bias [20,66,70]: four models



Table 2. Characteristics and discrimination performance estimates from internal and external validation for studies and analyses (n 5 120 analyses)

Clinical
specialty/
surgery type Study

Study
design Analysis Surgical procedure

Outcome
(product) Timing Model Validation type

Events fraction
(%) Reported c-statistic

Cardiothoracic
surgery

Al-Khabori 2014
[46]

D d Cardiac surgery Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal:
Bootstrapping

264/413 (63.9) 0.749 (0.701-0.797)

Cevenini 2013
[47]

D d Cardiac surgery Ordinal:
transfusion
(RBCs)

Post Na€ıve Bayes
Classifier

Internal: Cross
validation

1,107/3,182
(34.8)

Not reported

Cirasino 2000
[48]

D d Lung cancer Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal:
Development
dataset

25/173 (14.5) Not reported

Covin 2003 [49] D d
d
d

CABG Binary:
transfusion
(Platelets)

Binary:
transfusion
(FFP)

Binary:
transfusion
(RBCs)

Intra Logistic
regression

Internal:
Bootstrapping

313/3,034
(10.3)

101/3,034 (3.3)
362/3,034

(11.9)

0.694
0.724
0.752

Hayn 2016 [38] D d Hip and knee and CABG Continuous:
transfusion
volume
(RBCs)

Not reported Random
forest

Internal: Cross
validation

na/6,530 Not reported

Hayn 2017 [38] D d Hip and knee and CABG Continuous:
transfusion
volume
(RBCs)

Intra/post Random
forest

Internal: Cross
validation

na/6,530 Not reported

Doshi 2021 [39] D d Cardiac surgery Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Split
sample

170/345 (49.3) 0.715

Lu 2020 [50] D d
d
d

CABG Binary:
transfusion
(RBCs)

Intra
Intra/post
Post

Logistic
regression

Internal:
Development
dataset

87/1,253 (6.9)
364/1,253

(29.1)
334/1,253

(26.7)

0.869 (0.849-0.887)
0.830 (0.808-0.851)
0.821 (0.799-0.842)

Paiva 2021 [51] D d CABG Binary:
transfusion
(RBCs)

Intra Logistic
regression

Internal:
Bootstrapping

91/530 (17.2) 0.962 (0.945-0.980)

Liu 2021 [52] D d Cardiac surgery Binary:
transfusion
(RBCs)

Intra CatBoost
classifier

Internal: Split
sample

missing/473 0.888 (0.845-0.909)
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Table 2. Continued

Clinical
specialty/
surgery type Study

Study
design Analysis Surgical procedure

Outcome
(product) Timing Model Validation type

Events fraction
(%) Reported c-statistic

Simeone 2011
[53]

D d Heart Count:
transfusion
units
(RBCs)

Post Linear
regression

Internal: Split
sample

567/1,204
(47.1)

Not reported

Welsby 2010
[41]

D d CABG Binary:
transfusion
(RBCs)

Intra/post Ordinal
logistic
regression

Internal: Split
sample

missing/3,876 0.78

Arora 2004 [54] D þ EV d
ev

CABG Binary:
transfusion
(Any blood
product)

Intra/post Logistic
regression

Internal:
Bootstrapping

External:
Temporal

704/3,046
(23.1)

499/2,117
(23.6)

0.84 (0.82-0.86)
0.79 (0.77-0.81)

Karkouti 2006
[55]

D þ EV d
v

Cardiac surgery Binary:
transfusion
(RBCs)

Post Logistic
regression

Internal:
Development
dataset

External:
Temporal

476/6,651 (7.2)
499/4,016 (11)

0.88
Not reported

Karkouti 2001
[56]

D þ EV d
ev

CABG Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Unclear
External:

Temporal

190/717 (26.5)
106/290 (36.6)

0.86
Not reported

Klein 2017 [19] D þ EV d
ev
ev

Cardiac surgery Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal:
Development
dataset

External:
Geographical

External: Fully
independent

8,635/20,036
(43.1)

97/1,047 (9.3)
97/1,047 (9.3)

0.762
0.835 (0.810-0.859)
0.781

Madhu Krishna
2019 [57]

D þ EV D
ev
ev

Cardiac surgery Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: unclear
External: Fully

independent

773/1,014
(76.2)

773/1,014
(76.2)

773/1,014
(76.2)

0.749 (0.722-0.776)
0.756 (0.729-0.782)
0.72 (0.692-0.748)

Ranucci 2009
[22]

D þ EV d
ev
ev
ev
ev

Cardiac with
cardiopulmonary

Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal:
Development
dataset

External:
Geographical

External: Fully
independent

4,978/8,989
(55.4)

1,399/2371
(59)

1,399/2371
(59)

1,399/2371
(59)

1,399/2371

0.73 (0.718-0.743)
0.71 (0.681-0.724)
0.713 (0.692-0.734)
0.686 (0.665-0.708)
0.679 (0.657-0.701)
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Table 2. Continued

Clinical
specialty/
surgery type Study

Study
design Analysis Surgical procedure

Outcome
(product) Timing Model Validation type

Events fraction
(%) Reported c-statistic

(59)

Leff 2019 [58] EV ev
ev
ev
ev
ev

Cardiac surgery Binary:
transfusion
(Any blood
product)

Binary:
transfusion
(RBCs)

Intra/post
Intra
Post
Intra
Post

Logistic
regression

External: Fully
independent

1,439/2,776
(51.8)

829/2,776
(29.9)

1,161/2,776
(41.8)

missing/2776
missing/2776

0.768 (0.750-0.785)
0.775 (0.775-0.794)
0.713 (0.694-0.732)
0.817 (0.800-0.835)
0.722 (0.703-0.741)

General surgery Cockbain 2010
[59]

D d Liver resection Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Unclear 100/589 (17) 0.777

Huang 2021
[60]

D d Gastrectomy Binary:
transfusion
(RBCs)

Intra Logistic
regression

Internal: Split
sample

163/666
(24.5%)

0.859

Kim 2016 [61] D d Hepatopancreatic-biliary
and colorectal

Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal:
Bootstrapping

1,549/4,961
(31.2)

0.75

Pulitano 2007
[62]

D d Hepatectomy Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Split
sample

108/320 (33.8) 0.89, se 0.02

Wang 2015 [63] D d Liver resection Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Split
sample

missing/1,080 0.709

Feng 2021 [64] D d Nonspecific Binary:
transfusion
(RBCs)

Intra/post Light gradient
boosting
machine

Internal: Split
sample

missing/104777 0.908 (0.907-0.913)

Yamamoto 2014
[65]

D d Hepatectomy Binary:
transfusion
(RBCs)

Intra Logistic
regression

Internal: Unclear 38/168 (22.6) 0.76

Quan 2020 [66] D þ EV d
ev
ev
ev
ev
ev
ev

Liver resection Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal:
Development
dataset

External: Fully
independent

External:
Geographical

204/878 (23.2)
204/878 (23.2)
204/878 (23.2)
204/878 (23.2)
204/878 (23.2)
58/306 (15.9)
148/691 (21.4)

0.833 (0.801-0.864)
0.66
0.71
0.77
0.89
0.777 (0.712-0.841)
0.786 (0.743-0.829)

Bagante 2016
[67]

D þ EV d
ev

Hepatectomy Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Unclear
External:

Independent

449/1,345
(33.4)

1,439/1,345

0.73
0.69
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Table 2. Continued

Clinical
specialty/
surgery type Study

Study
design Analysis Surgical procedure

Outcome
(product) Timing Model Validation type

Events fraction
(%) Reported c-statistic

data (107)

Bansal 2018
[68]

D þ EV d
d
ev

Pancreaticoduodenectomy Binary:
transfusion
(RBCs)

Post Logistic
regression

Internal: Unclear
Internal: Unclear
External: Fully

independent

missing/555
missing/620
missing/555

0.735 (0.678-0.792)
0.651 (0.595-0.706)
0.700 (0.640-0.760)

Cucchetti 2014
[69]

D þ EV d
ev
ev
ev

Hepatectomy Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Cross
validation

External: Fully
independent

106/323 (32.8)
106/323 (32.8)
106/323 (32.8)
106/323 (32.8)

0.79 (0.74-0.83)
0.64 (0.58-0.71)
0.69 (0.63-0.75)
0.67 (0.61-0.74)

Lemke 2017
[70]

D þ EV d
ev
ev
ev

Hepatectomy Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Unclear
External: Fully

independent

341/1,287
(26.5)

341/1,287
(26.5)

341/1,287
(26.5)

341/1,287
(26.5)

0.66 (0.63-0.69)
0.66 (0.63-0.69)
0.66 (0.63-0.70)
0.68 (0.64-0.71)

Sima 2009 [20] D þ EV d
ev

Liver resection Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Not
done

External:
Temporal

567/1,204
(47.1)

234/555 (42.2)

-
0.71

van Klei 2002
[71]

D þ EV d
ev

Surgery under general or
regional anaesthesia

Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Split
sample

External:
Geographical

651/9,033 (7.2)
539/8,982 (6)

0.89 (0.87-0.90)
0.76 (0.73-0.78)

Guo 2021 [72] D þ EV d
ev

Pheochromocytoma Binary:
transfusion
(RBCs)

Intra Logistic
regression

Internal: Split
sample

External:
Geographical

61/189 (32.3)
7/56 (12.5)

0.831 (0.750-0.822)
0.924 (0.766-1,000)

Janny 2015 [73] EV ev Liver resection Binary:
transfusion
(RBCs)

Not reported Logistic
regression

External: Fully
independent

48/205 (23.4) 0.68 (0.59-0.77)

Lemke 2018
[74]

EV ev Hepatectomy Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

External:
Independent
data

525/2,854
(18.4)

0.68 (0.66-0.70)

Obstetrics and
gynaecology

Klebanoff 2021
[75]

D d Hysterectomy/Myomectomy Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal:
Bootstrapping

623/6,387 (9.8) 0.792 (0.790-0.794)

Ackroyd 2018
[76]

D þ EV d
ev

Hysterectomy/Myomectomy Binary:
transfusion

Intra/post Logistic
regression

Internal:
Development

missing/2004
missing/1,466

0.8 (0.78-0.83)
0.69 (0.66-0.72)
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Table 2. Continued

Clinical
specialty/
surgery type Study

Study
design Analysis Surgical procedure

Outcome
(product) Timing Model Validation type

Events fraction
(%) Reported c-statistic

(RBCs) dataset
External:

Temporal

Stanhiser 2017
[45]

D þ EV d
ev

Gynaecological Binary:
transfusion
(Any blood
product)

Intra/post Logistic
regression

Internal:
Bootstrapping

External:
Temporal

239/12,219 (2)
missing/6,100

0.906 (0.890-0.928)
0.915 (0.872-0.954)

Orthopaedic
surgery

Ahmed 2012
[77]

D d Hip and knee Binary:
transfusion
(RBCs)

Post Logistic
regression

Internal: Unclear 227/2281 (10) 0.74 (0.70-0.775)

Huang 2018
[78]

D
D

d
d

Hip and knee
Hip and knee

Binary:
transfusion
(RBCs)

Binary:
transfusion
(RBCs)

Intra/post
Intra/post

Logistic
regression

Random
forest

Internal: Cross
validation

Internal: Cross
validation

2,867/15,187
(18.9)

2,867/15,187
(18.9)

0.84 (0.81-0.87)
0.77(0.74-0.79)

Noticewala 2012
[79]

D d Hip and knee Binary:
transfusion
(RBCs)

Post Logistic
regression

Internal: Split
sample

71/644 (11) Not reported

Rashiq 2004
[80]

D d Hip and knee Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Split
sample

239/884 (27) 0.76

Hu 2020 [81] D þ EV d
ev

Hip and knee Binary:
transfusion
(RBCs)

Post Logistic
regression

Internal:
Development
dataset

External:
Temporal

391/5,402 (7.2)
148/1,116

(13.3)

0.884 (0.865-0.903)
0.839 (0.773-0.905)

Jo 2020 [82] D þ EV d
ev

Hip and knee Binary:
transfusion
(RBCs)

Post Gradient
boosting
model

Internal: Cross
validation

External:
Independent
data

108/1,686 (6.4)
7/400 (1.8)

0.842 (0.820-0.856)
0.880 (0.844-0.910)

To 2017 [40] D þ EV d
ev

Hip and knee Binary:
transfusion
(RBCs)

Pre/intra/post Logistic
regression

Internal: Unclear
External:

Independent
data

184/737 (25)
25/653 (3.8)

0.80 (0.77 to 0.84)
0.84 (0.79 to 0.88)

Orthopaedic
surgery
(tumour)

Thompson 2014
[83]

D d
d

Musculoskeletal tumour Count:
transfusion
units
(RBCs)

Binary:

Not reported Truncated
negative
binomial

Logistic
regression

Internal: Unclear
Internal: Unclear

na/1,319
417/1,319

(31.6)

Not reported
Not reported
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Table 2. Continued

Clinical
specialty/
surgery type Study

Study
design Analysis Surgical procedure

Outcome
(product) Timing Model Validation type

Events fraction
(%) Reported c-statistic

transfusion
(RBCs)

Plastic Surgery Su 2021 [84] D d Head and neck with free
flap

Binary:
transfusion
(RBCs)

Pre/intra/post Logistic
regression

Internal:
Development
dataset

101/385 (26.2) 0.826 (0.781-0.871)

Kolbenschlag
2016 [85]

D d Free tissue transfer Binary:
transfusion
(RBCs)

Intra Logistic
regression

Internal: Unclear 166/398 (41.7) 0.86

Shah 2010 [86] D d Head and neck with free
flap

Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal:
Bootstrapping

144/585 (24.6) 0.754

Krupp 2003 [87] EV ev Head and neck cancer Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

External: Fully
independent

122/539 (22.6) 0.72 (0.62-0.81)

Spinal surgery Durand 2018
[88]

D d Spinal deformity Binary:
transfusion
(RBCs)

Intra/post Random
forest

Internal: Split
sample

missing/824 0.85 (0.80-0.90)

Wang 2021 [89] D d Spine fusion Binary:
transfusion
(RBCs)

Post Logistic
regression

Internal:
Bootstrapping

289/885 (32.7) 0.895

Pennington
2021 [42]

D d Spinal tumour surgery Binary:
transfusion
(RBCs)

Intra Logistic
regression

Internal:
Bootstrapping

188/350 (53.7) 0.819

Carabini 2014
[90]

D þ EV d
ev
ev

Spine fusion Binary:
transfusion
(RBCs)

Intra Logistic
regression

Internal:
Bootstrapping

External:
Temporal

External: Fully
independent

326/548 (59.5)
61/95 (64.2)
61/95 (64.2)

0.88
0.89 (0.80-0.90)
0.61 (0.48-0.71)

Lenoir 2009
[91]

D þ EV d
ev

Thoracolumbar spine Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Unclear
External: Unclear

74/230 (32.2)
46/125 (36.8)

0.86 (0.81-0.92)
0.83 (0.75-0.91)

Transplant
surgery

Cywinski 2014
[92]

D d
d
d
d

Liver transplant Continuous:
number of
units
transfused
(RBCs)

Binary:
transfusion
(RBCs)

Intra Linear
regression

CART
Logistic

regression
CART

Internal: Split
sample

na/804
156/804 (19.4)
75/804 (9.3)
75/804 (9.3)

Not reported
0.67 (0.60-0.73)
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Table 2. Continued

Clinical
specialty/
surgery type Study

Study
design Analysis Surgical procedure

Outcome
(product) Timing Model Validation type

Events fraction
(%) Reported c-statistic

Liu 2015 [43] D d Liver transplant Binary:
transfusion
(Any blood
product)

Intra/post Logistic
regression

Internal: Split
sample

422/482 (87.6) 0.871

Massicotte 2018
[93]

D d Liver transplant Binary:
transfusion
(RBCs)

Intra Mixed logistic
regression

Internal:
Bootstrapping

61/800 (7.6) Not reported

McCluskey 2006
[94]

D d Liver transplant Binary:
transfusion
(RBCs)

Post Logistic
regression

Internal:
Bootstrapping

193/460 (42) 0.82

Metcalf 2018
[95]

D d Liver transplant Continuous:
transfusion
volume
(RBCs)

Intra Generalized
regression

Internal: Split
sample

93 (44.9, �
1250 ml), 59
(29.5, 1251-
2000 ml), 55
(26.6, O2000
ml)/207

Not reported

Pustavoitau
2020 [96]

D þ EV d
ev

Liver transplant Binary:
transfusion
(RBCs)

Intra Logistic
regression

Internal:
Bootstrapping

External:
Independent
data

60/203 (29.6)
111/403 (27.5)

0.77 (0.70-0.84)
0.69 (0.62-0.76)

Liu 2021 [97] D þ EV d
ev

Liver transplant Binary:
transfusion
(RBCs)

Intra/post XGBOOST Internal: Split
Sample

External:
Independent
data

602/835 (72.1)
31/52 (59.6)

0.813
Not reported

Massicotte 2009
[98]

D þ EV d
ev

Liver transplant Binary:
transfusion
(RBCs)

Not reported Logistic
regression

Internal:
Bootstrapping

External:
Temporal

179/406 (44.1)
22/109 (20.2%)

0.898
0.898

Pustavoitau
2017 [44]

D þ EV d
ev

Liver transplant Binary:
transfusion
(RBCs)

Intra Logistic
regression

Internal:
Bootstrapping

External:
Temporal

missing/150
missing/53

0.835 (0.781-0.888)
0.895 (0.809-0.982)

Vascular
surgery

Stangenberg
2016 [99]

D d Carotid endarterectomy Binary:
transfusion
(RBCs)

Intra/post Logistic
regression

Internal: Split
sample

missing/8,039 0.81

Abbreviations: CABG, coronary artery bypass graft; pre, preoperative; intra, intraoperative; post, postoperative; D, development; D þ EV, development with external validation; EV, external
validation; na, not applicable.
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Fig. 2. Forest plot of the eight existing models that were externally
validated more than once in the included studies. Two external valida-
tions from Leff et al. [58] were excluded as the number of events
(RBC transfusion) and c-statistic confidence intervals were not
rsported.

25P. Dhiman et al. / Journal of Clinical Epidemiology 159 (2023) 10e30
predicting blood transfusion risk for patients undergoing
elective hepatectomy [20,70] and one model for liver resec-
tion [66]. Supplementary materialeFigure 3 and Supple-
mentary materialeTable 4 present risk of bias
assessments for each model development and validation
analysis.
4. Discussion

4.1. Summary of findings

We reviewed 66 studies and 120 prediction models
developed or validated for predicting blood transfusion in
elective surgery (including predictions for pre, intra, and
postoperative periods). Common predictors of RBC
transfusion used across most clinical specialties were pre-
operative haemoglobin, age, and sex. We meta-analysed
eight externally validated clinical prediction models in gen-
eral, cardiothoracic, and spinal surgeries. The models
showed moderate to good discriminatory performance,
and pooled estimates ranged from 0.67 to 0.78. However,
half of the external validations informing these meta-
analyses were at high risk of bias and another third had un-
clear risk of bias. These models’ performance should be in-
terpreted with caution.

Almost all developed and validated blood transfusion
models for elective surgery were at high risk of bias and
demonstrated poor reporting and methodological quality.
Only a total of four models, one developed for cardiac sur-
gery by Al-Khabori et al. [46], two models developed for
general surgery by Lemke et al. [70] and Sima et al. [20],
and one model developed for orthopaedic surgery by Hu
et al. [81], were at low risk of bias and would warrant
further validation. The model developed by Sima et al.
was also externally validated in its development study by
the same study team and was independently validated by
Lemke et al. [70], both of which were judged to be low risk
bias validations and indicate consideration for further vali-
dation and possible implementation analyses for blood
transfusion prediction in elective general surgery. Lemke
et al. [70] also externally validated other models for general
surgery that were judged to be at low risk of bias; these
were models developed by Cockbain et al. [59] and Pulita-
no et al. [62].

The participant domain, which considers appropriate
participant selection and data sources, was most often
judged to be at low risk of bias for developed models.
The predictor domain, which considers appropriate predic-
tor definitions, blinding, and availability, was most often
judged to be at low risk of bias for validated models.

Methodological issues in the analysis domain drove
most studies’ at high risk of bias. Common issues were
inadequate samples sizes for development and validation,
worsened by data-splitting in internal validation, excluding
missing data at study entry or analysis, univariable predic-
tor selection, and categorizing continuous predictors. These
issues increase the risk of overfitting developed models and
biasing performance estimates. Poor reporting of key infor-
mation often inhibited risk of bias assessment, as the min-
imum information recommended by TRIPOD was not fully
reported or was not reported at all.
4.2. Current literature

Although a plethora of blood transfusion prediction
models have been developed and validated for elective sur-
gery, to our knowledge, no systematic review has critically
appraised them. Evidence is therefore limited on their com-
bined performance and quality. However, reviews of
models in other clinical specialties have found similar risk
of bias profiles, reporting inadequacies, and methodological
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flaws that we have found in our review [100e106]. For
example, a review of prediction models for gestational hy-
pertension and preeclampsia found poor compliance with
TRIPOD [107]. A living systematic review of COVID-19
risk prediction models found that most were at high risk
of bias due to inappropriate data sources, too-small sample
sizes, inefficient internal validation methods, and absence
of calibration assessment [103]. Although we found that
data sources and participant selection were often appropri-
ately addressed in blood transfusion risk prediction studies,
methodological issues relating to reporting and analysis
were prevalent.
4.3. Strengths and weaknesses

This is the first formal review and risk of bias assess-
ment of blood transfusion prediction models developed
for elective surgery. It provides a contemporary reflection
of current practice in prediction modelling, generally and
in each of the included clinical domains.

We described the quality of reporting using the formal
recommendations made by TRIPOD and provided a PRO-
BAST risk of bias assessment for each developed or vali-
dated model. We focused on models for elective
surgeries. To ensure our results were specific to elective
care, we excluded studies reporting O20% emergency sur-
geries in their study sample. We updated the study to
include all models developed for blood transfusion from
2000 to 2021.
4.4. Clinical and research implications

Prediction models could help ensure the availability of
compatible blood products when required, while improving
clinical pathway efficiencies, reducing costs, and enhancing
patient experiences. They could also guide the implementa-
tion of blood conservation strategies, such as anti-
fibrinolytics [15] and cell salvage [108].
Future research should focus on updating and validating
existing models and ensuring sufficient data are used to
reliably estimate model performance during development
and external validation [109e113]. The predictors and
model performance estimates summarized and meta-
analysed here can inform sample size calculations for
future development and external validation studies. As well
as ensuring sufficient data are used to develop and validate
models, emphasis should also be placed on objective
outcome definitions and data that reflect need of blood
transfusion (ideally based on national guidelines) rather
than data that reflects patients receiving blood transfusion.
Using objective outcome measures will help avoid unneces-
sary blood transfusions and any inequality of blood product
administration with respect to ethnicity and deprivation.

All studies developing, updating, or validating predic-
tion models should adhere to TRIPOD and follow research
recommendations [27,114]. Studies should use appropriate
methods to handle missing data (e.g., multiple imputations)
and avoid omitting missing data and conducting complete-
case analyses [115,116]. Studies should test model
assumptions, use appropriate methods to handle nonlinear
continuous predictors (e.g., restricted cubic splines or
fractional polynomials), and avoid categorizing continuous
predictors [117e119]. Studies should use appropriate
methods to internally validate developed models (e.g.,
bootstrapping and cross-validation) and avoid reducing data
for model development by randomly splitting available data
[120,121]. Studies should also assess and report both
discrimination and calibration model performance
measures [122,123].
5. Conclusion

Most blood transfusion models for elective surgery are
at high risk of bias and demonstrate poor reporting and
methodological quality. The models currently available to
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predict blood transfusion should not be implemented into
routine clinical care without further validation and research
that adheres to reporting and methodological recommenda-
tions for prediction modelling.
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