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Abstract 

Aim The study aimed to develop a predictive model with machine learning (ML) algorithm, to predict and manage 
the need for red blood cell (RBC) transfusion during hip fracture surgery.

Methods Data of 2785 cases that underwent hip fracture surgery from April 2016 to May 2022 were collected, 
covering demographics, medical history and comorbidities, type of surgery and preoperative laboratory results. The 
primary outcome was the intraoperative RBC transfusion. The predicting performance of six algorithms were respec-
tively evaluated with the area under the receiver operating characteristic (AUROC). The SHapley Additive exPlanations 
(SHAP) package was applied to interpret the Random Forest (RF) model. Data from 122 patients at The Third Affiliated 
Hospital of Sun Yat-sen University were collected for external validation.

Results 1417 patients (50.88%) were diagnosed with preoperative anemia (POA) and 209 patients (7.5%) received 
intraoperative RBC transfusion. Longer estimated duration of surgery, POA, older age, hypoproteinemia, and sur-
gery of internal fixation were revealed as the top 5 important variables contributing to intraoperative RBC transfu-
sion. Among the six ML models, the RF model performed the best, which achieved the highest AUC (0.887, CI 0.838 
to 0.926) in the internal validation set. Further, it achieved a comparable AUC of 0.834(0.75, 0.911) in the external 
validation set.

Conclusion Our study firstly demonstrated that the RF model with 10 common variables might predict intraopera-
tive RBC transfusion in hip fracture patients.

Key points 

-Question: [How do we predict intraoperative RBC transfusion in hip fracture patients prior to surgery?].

-Findings: [Our study firstly demonstrated that the RF model with 10 common variables might predict intraoperative 
RBC transfusion in hip fracture patients.]
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-Meaning: [ The predictive model is designed to reduce intraoperative ABT in hip fracture surgery by identifying 
the high-risk patients before surgery, so that proper measures can be taken beforehand.]

Keywords Hip fracture, Red blood cell transfusion, Machine learning, Predictive model, SHapley Additive 
exPlanations

Introduction
There’re 1.6 million people suffered from hip fractures 
each year worldwide, and the number will continue 
to increase by 25% in the next decade due to popula-
tion growth [1, 2]. The mortality rate associated with 
hip fracture is considerable and surgical intervention is 
the primary treatment. Various surgical techniques are 
employed depending on the location and severity of the 
fracture, such as internal repair with screws and total/
partial hip replacement [3].

More than one-third of the elderly patients undergoing 
total hip replacement have been reported to experience 
anemia, and numerous studies indicated that anemia is 
associated with an increased risk of surgical complica-
tions in this population [4, 5]. Perioperative anemia has 
been identified as a significant predictor of heightened 
complications and mortality following hip fracture sur-
gery in several studies [2, 6, 7]. The majority of patients 
require concentrated red blood cell (RBC) transfusions 
during or after surgery, to enhance oxygen supply and tis-
sue perfusion. It’s reported that the perioperative blood 
loss of total hip arthroplasty was ranging from 700 to 
2000 mL [8], and 16% to 37% of patients required intra-
operative allogeneic blood transfusion (ABT) [9]. Despite 
the availability of several techniques to mitigate blood 
loss during surgical procedures, including the use of 
tranexamic acid (TXA), intraoperative blood salvage, and 
autologous blood transfusion, ABT remains the predomi-
nant approach for managing perioperative anemia, given 
its perceived benefits and cost-effectiveness [10, 11]. 
However, patients experienced massive blood loss dur-
ing the surgery might need emergency transfusion which 
may not always be available due to shortage of blood sup-
ply. ABT may also cause risks of virus infection, immune 
allergic reaction, transfusion-related hemolysis, and 
lung injury. Therefore, it will be more effective to imple-
ment a proper blood management strategy by identifying 
patients at risk for intraoperative RBC transfusion before 
surgery.

Numerous studies have been conducted to identify risk 
factors for perioperative ABT using traditional regres-
sion-based algorithms [12–15]. Given that various factors 
had been identified to be associated with intraoperative 
RBC transfusion, including age, preoperative hemoglobin 
(Hb) level, American Society of Anesthesiologists physi-
cal status classification (ASA), frailty, and operative time, 

type of surgery and fracture, body weight index (BMI), 
general anesthesia (GA) [16–20], there is a need for more 
robust methodologies to assess the impact of these fac-
tors on ABT. In recent studies, machine learning (ML) 
demonstrated efficacy in constructing predictive mod-
els for diseases or medical outcomes. ML is a branch 
of artificial intelligence (AI) and computer science that 
focuses on finding data connections that are linear, non-
linear or even data with a heterogeneous nature which 
exhibits an advantage over traditional regression-based 
algorithms. Zhang et  al. built a highly interoperable 
tool across institutions for early detection of acute kid-
ney injury after  adult deceased donor liver transplanta-
tion using ML-algorithm [21]. The ML algorithms build 
mathematical models based on the sample data known 
as "training data", to make predictions or decisions with-
out being programmed to do so. The administration of 
RBC transfusions during surgery may be impacted by 
numerous factors that require extensive data process-
ing, making ML a valuable tool. ML has been employed 
in predicting postoperative mortality of elderly patients 
with hip fractures, but there is still limited study focus-
ing on the early prediction of ABT for those with hip 
fractures. Wang et  al. and Zhang et  al. developed their 
prediction model for perioperative ABT in hip fracture 
patients using a nomogram model and exhibited satisfac-
tory performance [22, 23]. We consider it will be of better 
use to build a reliable and operable tool for preoperative 
recognition of hip fracture patients at high risk for ABT, 
which assists decision-making before surgery.

This study aimed to identify preoperative factors linked 
to intraoperative RBC transfusion in patients undergoing 
primary unilateral hip fracture surgery and subsequently 
develop an ML model for predicting RBC transfusion 
during surgery.

Materials and methods
Study subjects
The study was approved by the ethics committee of 
Guangdong Provincial Hospital of Chinese Medicine 
(No. ZE2023-201–01). and the requirement for written 
informed consent was waived by the committee. In the 
study, patients undergoing hip fracture surgery in Guang-
dong Provincial Hospital of Chinese Medicine from April 
2016 to May 2022 were enrolled, and those admitted with 
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multiple injuries or underwentrevision surgery, bilat-
eral hip arthroplasty or internal fixation of femur were 
excluded.

Patients were divided into the Transfusion Group or 
Non-transfusion Group depending on whether they 
received RBC transfusion during hip fracture surgery or 
not.

Primary outcome
The primary outcome of the study was defined as a ML 
model for predicting intraoperative RBC transfusion of 
patients undergoing hip fracture surgery.

Predictors and selection
Combined with previous literature and the aim of 
our study, a total of 15 features were collected from 
the electronic medical record of our hospital: patient 
demographic characteristics (e.g. gender, age, BMI), 
comorbidities [e.g. hypertension, diabetes mellitus, 
stroke, cardiac diseases, lower limb deep venous throm-
bosis (DVT)], surgical data (e.g. type of anesthesia, ASA, 
types of surgery, estimated duration of surgery), labora-
tory indicators [Hb, serum albumin (ALB), serum total 
protein (TP)]. All of the data were collected from the 
electronic medical record and anesthesia records of our 
hospital. For variables with multiple measurements, the 
values closest to the surgery were adopted.

Preoperative anemia (POA) was diagnosed with 
Hb < 130 g/L for men and Hb < 120 g/L for non-pregnant 
women [24]. DVT was diagnosed by the indication of 
venous thrombosis in the lower limbs with preoperative 
ultrasonography. Hypoproteinemia was diagnosed with 
serum concentration of ALB < 35 g/L or TP < 60 g/L. Hip 
fracture surgery is typically performed under either GA 
or spinal anesthesia (SA). The wait time to surgery is the 
interval between admission and the commencement of 
surgery. The estimated duration of surgery was assessed 
from the electronic anesthesia record system.

To minimize potential over-fitting brought by the high 
dimensionality of the features, only statistically signifi-
cant features (p < 0.05) in univariate tests were chosen 
and subjected to a least absolute shrinkage and selection 
operator (LASSO) regression approach. Eventually, fea-
tures with non-zero coefficients after LASSO regression 
were used for model development.

Transfusion protocol
The intraoperative RBC transfusion protocol adhered to 
by our department aligns with the “Guideline for perio-
perative patient blood management (WS/T 796—2022)” 
which is a national standard issued by the National 
Health Commission of the People’s Republic of China 
[25]. As per these guidelines, patients exhibiting a Hb 

level exceeding 100 g/L typically do not necessitate blood 
transfusion, whereas individuals with an Hb level below 
70  g/L require transfusion. Clinicians should exercise 
their discretion in determining the need for red blood 
cell transfusion in patients with hemoglobin levels rang-
ing from 70 g/L to 100 g/L, taking into account various 
factors such as the patient’s age, bleeding risk associated 
with the upcoming procedure, cardiopulmonary func-
tion, and metabolic rate.

Statistical analysis
Training dataset and validation dataset
The entire cohort was randomly separated into an 80% 
training set used for model development and a 20% vali-
dation set. Bootstrap method was used to get 95% confi-
dence interval (CI) of the best-tuned models’ evaluation 
metrics. The missing values were imputed using a simple 
imputation method. We imputed categorical variables 
with the mode and continuous variables with the median. 
Continuous variables were standardized using the 
Z-score. Categorical variables were encoded into binary 
variables, 1 represents having an incident, and 0 repre-
sents not having an incident. Gender, type of surgery, and 
anesthesia were also encoded, 1 represents male/arthro-
plasty/GA, and 0 represents female/internal fixation/SA.

Model development
We developed our prediction model of RBC transfu-
sion during hip fracture surgery based on 6 algorithms, 
including extreme gradient boosting (XGB), gradient 
boosting decision tree (GBDT), support vector machine 
(SVM), multi-layer perceptron (MLP), Logistic regression 
(LR), random forest (RF). All of the models were used to 
predict intraoperative RBC transfusion with patient pre-
operative characteristics. Bootstrap method with 1000 
replications was used to get the 95% CI of the best-tuned 
models’ evaluation metrics. Grid search method with 
five-fold cross-validation was used to choose the best 
hyperparameters for each model. Grid search involves 
setting several candidate parameters for each hyperpa-
rameter used in a machine-learning model. Using an 
exhaustive method, it iteratively trains and validates the 
model, ultimately selecting the set of hyperparameter 
combinations that yield the highest area under the curve 
(AUC) for the model. The predictive ability of each model 
was determined by the area under the curve (AUC) of 
the receiver operating characteristic (ROC). Eventually, 
the validation set was subjected to SHAP package analy-
sis in Python to interpret RF models using Shapely val-
ues. SHAP method was implemented using Python shap 
package (https:// shap. readt hedocs. io/ en/ latest/).

Data from patients who underwent hip fracture surgery 
from December 2022 to February 2023 were collected 

https://shap.readthedocs.io/en/latest/


Page 4 of 12Zhou et al. BMC Anesthesiology          (2024) 24:467 

prospectively in the Third Affiliated Hospital of Sun Yat-
sen University to further validate the proposed model. 
The framework for developing each ML-based predictive 
model is shown in Fig. 1.

Other statistical methods
The entire dataset underwent a univariate statistical test. 
A normality test was conducted on the continuous vari-
ables, and it was determined that they followed a normal 
distribution. Consequently, independent t-tests were uti-
lized for the continuous variables, while Chi-square tests 
were employed for the categorical variables to evaluate 
disparities between the transfusion and non-transfusion 
groups. All statistical analyses were executed in Python 
(Anaconda Distribution version 3.8.2).

Results
Patient population and demographics
In this study, 3075 patients who underwent hip frac-
ture surgery were assessed. We excluded 224 patients 
with secondary surgery, revision surgery, bilateral hip 
arthroplasty or internal fixation of the femur. Addition-
ally, 66 patients were also excluded for lacking sufficient 
data. 2785 patients were finally included in this study 
and the demographics and preoperative information of 
the cohort were displayed in Table 1. The average age of 
patients was 67.72  years, women accounted for 61.54%, 
and the average BMI was 23.19. In this study, 1417 
patients were diagnosed as POA, accounting for 50.88% 
of the cohort, and 209 (7.5%) of the patients received 
intraoperative RBC transfusion.

Feature selection using LASSO regression
As shown in Fig. 2, 10 variables were indicated to be asso-
ciated with intraoperative RBC transfusion, including 
age, gender, POA, ASA, diabetes, history of stroke, hypo-
proteinemia, wait time to surgery, estimated duration of 
surgery, and types of surgery (p < 0.001). Further, feature 
importance plot was created to rank the level of impor-
tance. As a result, types of surgery, estimated duration of 

surgery, and preoperative hypoproteinemia were ranked 
first, second, and third, respectively.

Performance assessment of the ML models
As we can see from Table 2 and Fig. 3, the predictive effi-
cacy of all six models in predicting RBC transfusion was 
deemed satisfactory. Among the models, the RF model 
achieved the best AUC (0.887, 95% CI 0.838–0.926), the 
highest accuracy (0.79, 95% CI 0.756–0.822), and sensi-
tivity (0.906, 95% CI 0.811–0.979), relatively balanced 
specificity (0.781, 95% CI 0.745–0.816). The RF model 
surpassed the other five models in predictive perfor-
mance, therefore we built our ML model based on the RF 
algorithm.

Appendix Table S1 showed the initial hyperparameters 
sets and the best hyperparameter combination for each 
model.

External validation
Data of 122 patients were collected for external valida-
tion, of which 60 (49%) received intraoperative transfu-
sion. The external validation set has similar duration of 
surgery and preoperative wait time (Table  3). The inci-
dence of hypoproteinemia and POA was higher in the 
external validation group compared to that of the train-
ing set (54.92% vs 18.94%, 82.25% vs 51.03%, p < 0.001). 
The proportion of female is slightly higher in the external 
validation set (76.23% vs 61.80%, p < 0.001). Besides, most 
surgeries were performed under general anesthesia both 
in training set and external validation set. In this external 
validation set, the RF model achieved a comparable AUC 
(0.834, CI 0.75 to 0.91) to that of the internal validation 
set (Fig. 4).

SHAP analysis of the model
The results depicted in Fig. 5 showed the feature impor-
tance ranking based on SHAP values in RF model. Longer 
estimated duration of surgery, POA, older age, hypopro-
teinemia and surgery of internal fixation were revealed by 
SHAP method the top 5 important variables contributing 
to intraoperative RBC transfusion.

Fig. 1 The framework for developing an ML-based predictive model
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Application of the model
To optimize the application of the model in clinical set-
tings, a web page was established to enable clinicians to 
assess the probability of RBC transfusions during hip 
fracture surgery. (https:// analy sis. aidcl oud. cn/ cn/ hip/).

For instance, the preoperative information of a patient 
was input into the model: age 84 years, female gender, no 
history of stroke, ASA class II, diagnosed with POA (Hb 
110 g/L) and hypoproteinemia (ALB 34 g/L, TP 75 g/L), 
waited 186  h before surgery, with estimated 2  h of sur-
gery, undergoing surgery of internal fixation under SA. 
The analysis conducted by the model revealed a 94.00% 
risk of RBC transfusion for this patient, indicating a high 
probability of requiring RBC transfusion. Consequently, 
the model recommended RBC transfusion for this patient 
(Fig. 6A).

Similarly, the preoperative information of another 
patient was input into the model: age 57  years, female 
sex, ASA class II, no history of stroke, no POA ((Hb 
134 g/L)) nor hypoproteinemia (ALB 40 g/L, TP 79 g/L), 

waited 49 h before surgery, with estimated 1.5 h of sur-
gery, undergoing surgery of hip under GA. The predicted 
probability of transfusion in this patient was 39.00%, 
indicating that the patient was at low risk of requiring 
RBC transfusion. (Fig. 6B).

Discussion
Early detection of intraoperative RBC transfusion for hip 
patients prior to surgery is critical for the preparation of 
blood products and the proper initiation of blood man-
agement strategy. The prediction of intraoperative RBC 
transfusion based on preoperative patient characteristics 
is challenging, and few studies have been conducted on 
this issue. In this study, a large volume of data was pro-
cessed with ML method, the major findings are as fol-
lows, (1) the incidence of POA for hip fracture patients 
was as high as 50.88% and 7.5% of patients received intra-
operative RBC transfusion; (2) 10 preoperative variables 
were indicated significantly correlated to intraoperative 
RBC transfusion in hip fracture patients, including age, 

Table 1 Patient demographics and preoperative features

SD standard deviation, ASA American Society of Anesthesiologists physical status classification, POA preoperative anemia, SA spinal anesthesia, GA general anesthesia, 
BMI Body mass index, DVT Deep venous thrombosis

pb value calculated using independent t-test, and Pearson Chi-square test. The bold emphasis means that p < 0.05

Variables All
N = 2785

Non-transfusion N = 2576 Transfusion
N = 209

Pb value

Age, mean(SD) 67.72(15.16) 67.09(14.97) 75.55(15.31)  < 0.001
Gender, n(%)  < 0.001
 Female 1714(61.54%) 1568(60.87%) 146(69.86%)

 Male 1071(38.46%) 1008(39.13%) 63(30.14%)

 BMI, mean(SD) 23.19(6.54) 23.22(6.75) 22.78(2.94) 0.232

Anesthesia, n(%)  < 0.001
 SA 944(33.90%) 841(32.65%) 103(49.28%)

 GA 1841(66.10%) 1735(67.35%) 106(50.72%)

 POA, n(%) 1417(50.88%) 1240(48.14%) 177(84.69%)  < 0.001
ASA, n(%)  < 0.001
 I 34(1.22%) 32(1.24%) 2(0.96%)

 II 1619(58.13%) 1550(60.17%) 69(33.01%)

 III 1083(38.89%) 955(37.07%) 128(61.24%)

 IV 49(1.76%) 39(1.51%) 10(4.78%)

 Hypertension, n(%) 1225(43.99%) 1108(43.01%) 117(55.98%)  < 0.001
 Diabetes, n(%) 526(18.89%) 487(18.91%) 39(18.66%) 0.931

 Cardiac diseases, n(%) 1705(61.22%) 1574(61.10%) 131(62.68%) 0.653

 Stroke, n(%) 388(13.93%) 339(13.16%) 49(23.44%)  < 0.001
 Hypoproteinemia, n(%) 520(18.67%) 429(16.65%) 91(43.54%)  < 0.001
 DVT, n(%) 117(4.20%) 107(4.15%) 10(4.78%) 0.662

Types of surgery, n(%)  < 0.001
 Hip replacement 1943(69.77%) 1869(72.55%) 74(35.41%)

 Internal fixation 842(30.23%) 707(27.45%) 135(64.59%)

 Wait time to surgery, n(%) 89.58(62.62) 88.17(61.73) 106.89(70.60)  < 0.001
 Estimated duration of surgery, mean(SD) 1.54(0.63) 1.49(0.57) 2.11(0.91)  < 0.001

https://analysis.aidcloud.cn/cn/hip/


Page 6 of 12Zhou et al. BMC Anesthesiology          (2024) 24:467 

gender, POA, ASA, diabetes, history of stroke, hypopro-
teinemia, wait time to surgery, estimated duration of sur-
gery, types of surgery; (3) the RF model exhibited the best 
overall performance in predicting intraoperative among 
the developed ML models, with the value of AUC of 

0.887, the sensitivity of 90.6%, and specificity of 78.1%;(4) 
a web page was established to facilitate the clinical use of 
this predictive model.

As the aging population continues to grow, the occur-
rence of fragility hip fractures is increasing annually, 

Fig. 2 Primary predictive variables screening based on LASSO regression. A The horizontal axis lambda represents the penalty term in LASSO, 
and the vertical axis represents the coefficients of the variables in the LASSO regression. The closer the lambda value is to 1, the smaller 
the coefficients of the variables in the LASSO regression, and vice versa. The optimal lambda value of 0.00003 was obtained by cross validation 
method, at which point the coefficients of 10 variables were not equal to 0, thus resulting in 10 variables being selected by the LASSO. B The 
horizontal axis represents the coefficients of the variables in the LASSO regression, where the coefficient of Hypertension is 0, and the coefficients 
of other variables are not 0, thus resulting in 10 variables being selected by the LASSO variable selection
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resulting in a greater number of elderly patients with 
comorbidities and poor health requiring total hip 
replacement or internal fixation [1]. POA is prevalent 
among hip fracture patients, with Jiang et al [26].. report-
ing a 55.4% incidence of anemia upon admission. The 
authors also suggested that even mild POA is linked to 
significant postoperative complications in hip fracture 
patients. Our study showed that 50.88% of the patients 
were admitted with anemia, and the incidence of RBC 
transfusion during hip fracture surgery is 7.5%, which 
was consistent with a recent publication [27]. ABT is 

the primary treatment for anemia and has been shown 
to improve patients’ hemodynamic status and reduce 
postoperative complications due to blood loss [28]. How-
ever, it might also linked to transfusion-related compli-
cations and potentially increase long-term mortality 
[29]. Numerous studies have indicated that ABT may 
lead to postoperative infection [30], delirium [31], pro-
longed hospital stay [32, 33], increased mortality [34, 35], 
delayed functional recovery [36] and DVT [37]. There-
fore, it is crucial to anticipate the need for intraoperative 

Table 2 Performance of different machine learning algorithms in predicting intraoperative RBC transfusion in the validation set

Bootstrap method was used to get 95% confidence interval (CI) of the best tuned models’ evaluation metrics

Abbreviations: AUC  Area Under Curve, F1 F1-score, XGB Extreme Gradient Boosting, GBDT Gradient Boosting Decision Tree, SVM Support Vector Machine, MLP Multi-
Layer Perceptron, LR Logistic Regression, RF Radom Forest

Model AUC Accuracy Sensitivity Specificity F1

LR 0.872(0.817, 0.916) 0.79(0.752, 0.82) 0.789(0.653, 0.903) 0.789(0.75, 0.821) 0.36(0.261, 0.442)

SVM 0.882(0.832, 0.924) 0.781(0.747, 0.815) 0.931(0.848, 1.0) 0.769(0.732, 0.805) 0.389(0.301, 0.473)

RF 0.887(0.838, 0.926) 0.79(0.756, 0.822) 0.906(0.811, 0.979) 0.781(0.745, 0.816) 0.396(0.3, 0.48)

LGB 0.878(0.821, 0.924) 0.761(0.725, 0.799) 0.864(0.744, 0.956) 0.754(0.716, 0.791) 0.352(0.272, 0.441)

XGB 0.877(0.817, 0.919) 0.77(0.734, 0.804) 0.833(0.714, 0.939) 0.766(0.728, 0.802) 0.352(0.265, 0.431)

MLP 0.883(0.835, 0.924) 0.79(0.754, 0.822) 0.909(0.811, 0.978) 0.781(0.744, 0.814) 0.392(0.308, 0.474)

Fig. 3 Receiver operating characteristic curves for the machine learning model and logistic regression, Extreme Gradient Boosting(XGBOOST), 
Gradient Boosting Decision Tree(GBDT), Support Vector Machine(SVM), Multi-Layer Perceptron(MLP), Logistic Regression(LR), Radom Forest(RF)
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RBC transfusion prior to surgery so that proper measures 
can be implemented to reduce the need for transfusion.

Several factors have been identified as being associated 
with perioperative RBC transfusion, such as age, fracture 
size, type of surgery, operative time, hypoproteinemia, 
preoperative Hb level, BMI, and intraoperative blood 
loss. Assaf et  al [38]. identified noteworthy predictors 
for ABT within 72  h of admission in patients with hip 
fracture, including advanced age; lower hemoglobin on 

admission; female gender; type of surgical implant, and 
a shorter interval between admission and surgery with a 
regression algorithm. Bohl et  al [16]. conducted a study 
that revealed a significant correlation between prolonged 
operative time and an increased risk of perioperative 
blood transfusion. Specifically, an increase in operative 
time by 15 min was found to increase the risk of trans-
fusion by 9% [16]. Earlier research has also highlighted 
the significance of preoperative Hb levels as an essential 

Table 3 Comparison of training set and the external validation set

Variable Training set (N = 2228) External validation set (N = 122) P_values

Age 67.54(15.34) 78.28(9.70)  < 0.001

Estimated duration of surgery(h) 1.54(0.63) 1.86(1.18) 0.166

Wait time to surgery(h) 89.77(62.46) 100.21(72.75) 0.199

POA(n) 1137(51.03%) 104(85.25%)  < 0.001

ASA  < 0.001

 I 28(1.26%) 55(45.08%)

 II 1301(58.39%) 67(54.92%)

 III 859(38.55%) 0(0%)

 IV 40(1.80%) 0(0%)

 Hypoproteinemia 422(18.94%) 67(54.92%)  < 0.001

Types of surgery  < 0.001

 Internal fixation 678(30.43%) 86(70.49%)

 Hip replacement 1550(69.57%) 36(29.51%)

 Gender (female, n) 1377(61.80%) 93(76.23%)  < 0.001

 Stroke 298(13.38%) 5(4.10%) 0.003

 Types of Anesthesia (GA, n) 1460(65.53%) 85(69.67%) 0.348

Fig. 4 Performance of RF model on the internal validation set and on the external validation set
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indicator for intraoperative blood transfusion. Wang 
et  al. and Zhang et al [22, 23]. recently reported that 
age, fracture size, type of surgery, hypoproteinemia, pre-
operative Hb level, BMI, intraoperative blood loss were 
predictors for perioperative ABT in hip fracture patients. 
Base on the current findings, we built a RF model for pre-
diction of intraoperative RBC transfusion in hip fracture 
patients. 10 preoperative variables were selected as sig-
nificant factors using LASSO regression, including age, 
gender, POA, ASA, diabetes, history of stroke, hypo-
proteinemia, wait time to surgery, estimated duration of 
surgery, types of surgery. Notably, all these features can 
be explained by pathophysiology and clinical knowledge, 
which holds promise for clinical application in predict-
ing sepsis for patients undergoing hip fracture surgery for 
intraoperative RBC transfusion.

RF is a commonly-used ML algorithm which combines 
the output of multiple decision trees to reach a single 
result. Besides, RF algorithm demonstrates robust adapt-
ability to data, capable of handling both continuous and 
discrete variables without data normalization, thereby 
enhancing its suitability for assessing preoperative fea-
tures. Within the context of this study, the RF model 
outperformed other models in predicting the need for 
intraoperative RBC transfusion in patients with hip frac-
tures. Furtherly, SHAP analysis were used to indicate fea-
ture importance ranking in RF model. Longer estimated 
duration of surgery, POA, older age, hypoproteinemia 
and surgery of internal fixation were revealed by SHAP 
method the top 5 important variables contributing to 
intraoperative RBC transfusion.

The novelty of our study is developing a RF model 
with preoperative variables on prediction of RBC trans-
fusion during hip fracture surgery and all 10 features in 
ML model were routinely recorded and easy to obtain. 
The prediction model developed in this study exhibited 
excellent discrimination. Moreover, a web page has been 
developed to facilitate the utilization of the model for 
the evaluation of RBC transfusion risks by clinicians. We 
have indeed developed an assessment tool that is simple 
and practical for clinical work. The orthopedic surgeon 
and anesthesiologist can evaluate probability of intraop-
erative RBC transfusion simply by typing in preopera-
tive features so that preventive measures can be taken to 
reduce the need for RBC transfusions. These measures 
may include the administration of TXA and erythropoi-
etin (EPO), as well as the utilization of intraoperative 
blood salvage and autologous blood transfusion. Such 
interventions have the potential to mitigate the negative 
clinical consequences associated with transfusion.

Limitations
There were several limitations in our study. First, given 
this is a retrospective analysis, we had to exclude a num-
ber of patients due to critical data missing, change of 
surgery schedule, and patients with undiagnosed comor-
bidities which inevitably caused selection bias and infor-
mation bias. Second, clinicians might not have strictly 
followed the transfusion protocol due to the clinical com-
plexity of each patient, including comorbidities, hemo-
dynamic status, coagulation status of the patient, the 
bleeding risks of the procedure and even the same anes-
thesiologist may initiate different transfusion strategies 

Fig. 5 Feature importance ranking based on Shapley Addictive exPlanations (SHAP) values in RF model
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on different patients. Third, some patients might have 
received an RBC transfusion prior to surgery or received 
an autologous blood transfusion immediately after the 
procedure, which might compromise the effect of those 
variables on intraoperative RBC transfusion. Fourth, the 
study was externally validated with patient data from 
only one hospital, more data from other institutes were 

needed for further improvement of the model. Last but 
not least, the preoperative variables we assessed in the 
study were still limited which might cause confounding 
bias, and more patient characteristics should be included, 
such as frailty, kidney and liver function, type of fracture, 
and use of TXA, which might help make the predictive 
model more accurate.

Fig. 6 Examples of website usage. Entering the input value determined the transfusion requirements and displayed how each value contributed 
to the prediction. A Patient No.1 needs RBC transfusion; B Patient No.2 does not need RBC transfusion
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Conclusion
In this study, we built an ML-based predictive model 
for RBC transfusion during hip fracture surgery, which 
exhibited satisfactory performance. The hip fracture 
patients were admitted to the hospital with distinct char-
acteristics and comorbidities, we need tools to identify 
the patients at higher risk of RBC transfusion during 
surgery with preoperative characteristics. The predictive 
model is designed to reduce ABT during hip fracture sur-
gery by identifying high-risk patients before surgery so 
that proper measures can be taken beforehand.

Glossary
RBC  Red blood cell
ABT  Allogenic blood transfusion
TXA  Tranexamic acid
Hb  Hemoglobin
ASA  Anesthesiologists physical status classification
GA  General anesthesia
SA  Spinal anesthesia
BMI  Body weight index
ML  Machine learning
AI  Artificial intelligence
DVT  Deep venous thrombosis
ALB  Albumin
TP  Total protein
POA  Preoperative anemia
LASSO  Least absolute shrinkage and selection operator
AUC   Area under the curve
ROC  Receiver operating characteristic
XGB  Extreme gradient boosting
GBDT  Gradient boosting decision tree
SVM  Support vector machine
MLP  Multi-layer perceptron
LR  Logistic regression
RF  Random forest
SHAP  SHapley Additive exPlanations
EPO  Erythropoietin
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