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Abstract

Objectives: The incidence and adverse events of postoperative blood transfusion in spinal tuberculosis (TB) have
attracted increasing attention. Our purpose was to develop a prediction model to evaluate blood transfusion risk after
spinal fusion (SF) for spinal TB.

Methods: Nomogram and machine learning algorithms, support vector machine (SVM), decision tree (DT), multi-
layer perceptron (MLP), Naive Bayesian (NB), k-nearest neighbors (K-NN) and random forest (RF), were constructed to
identified predictors of blood transfusion from all spinal TB cases treated by SF in our department between May 2010
and April 2020. The prediction performance of the models was evaluated by 10-fold cross-validation. We calculated
the average AUC and the maximum AUC, then demonstrated the ROC curve with maximum AUC.

Results: The collected cohort ultimately was consisted of 152 patients, where 56 required allogeneic blood transfu-
sions. The predictors were surgical duration, preoperative Hb, preoperative ABL, preoperative MCHC, number of fused
vertebrae, IBL, and anticoagulant history. We obtained the average AUC of nomogram (0.75), SVM (0.62), k-NM (0.65),
DT (0.56), NB (0.74), MLP (0.56) and RF (0.72). An interactive web calculator based on this model has been provided
(https://drwenlelishinyapps.io/STTapp/).

Conclusions: We confirmed seven independent risk factors affecting blood transfusion and diagramed them with
the nomogram and web calculator.

Keywords: Blood transfusion, Spinal tuberculosis, Spinal fusion, Machine learning, Prediction model, Shiny
application

Introduction

The incidence with regard to tuberculosis was approx-

imately a quarter of global population and the Myco-
. bacterium tuberculosis causes 1.5 million mortalities
*Sck?erf;g%nggzgwyeﬁzk?grlg]Z6h3i}ci$era?wg contributed equally to this annually [1]. Altho,ugh deYeloplng Cou,ntrles’ particu-
work. larly southern Africa, China and India, account for
® Department of Reparative and Reconstructive Surgery, Second Affiliated more than half of all cases, unfortunately, emerg-
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resistance place a burden on TB treatment in west-
ern countries [2]. In TB patients, anemia is a frequent
comorbidity with estimated prevalence more than one
third [3]. The causes of TB patients with anemia are
variable, which mainly include iron-deficiency anemia
and anemia of inflammation or both. The conclusion
of Minchella et al. [3] and Gil-santana et al. [4] identi-
fied that inflammation is a more plausible explanation
for TB-associated anemia.

Skeletal TB is diagnosed in nearly 10% of all TB
cases, and spine is the most commonly involved site
representing 50% of these cases [5]. With its insidi-
ous onset and chronic progression, patients initially
present with back pain and limited vertebral motion
in addition to symptoms of TB systemic toxicity. Com-
plications such as clod abscess, kyphosis and neuro-
logical deficits may arise if diagnosis and treatment
are delayed. Late-onset paraplegia is the most devas-
tating clinical presentation, occurring in 10 to 30% of
patients with spinal TB [2, 6].

With the advancement of anti-tuberculosis drugs,
modern surgical purpose is primarily to debride lesion,
furthermore to decompress the spinal cord and nerves
and reestablish spinal stability. Because of the superi-
ority of spinal fusion (SF) in stabilizing the vertebra,
this approach is widely used in many spinal diseases
[7]. However, it is necessary to be aware the significant
blood loss in the perioperative period of SF includ-
ing estimated blood loss (EBL) and hidden blood loss
(HBL) [8, 9]. In particular, according to the high inci-
dence of anemia in TB patients, blood transfusion
seems to be an inescapable problem for these patients.

Artificial intelligence (Al) is leading the medical revo-
lution, and the performance of machine learning (ML)
in deep mining of data is satisfactory. These algorithms
learn autonomously and can train to recognize patterns
faster and more accurately than humans when research-
ers provide them with high-latitude data [10]. As pre-
viously reported, machine learning has been widely
incorporated into tuberculosis research [11]. Chen and
his colleagues [12] have also used machine learning
algorithms such as multilayer perceptrons to perform
detailed analysis of the genotypes of multidrug resist-
ance Mycobacterium tuberculosis, which has greatly
facilitated the clinical management of tuberculosis.

In the present study, we developed a traditional sta-
tistical algorithm and machine learning algorithms to
assess transfusion risk factors in patients with spinal
tuberculosis who underwent spinal fusion. This human-
computer interactive predictive model provides a great
predictive accuracy. The optimal prediction model
obtained from the validation is used to build an online
calculator.
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Methods

Patients and data collection

In this population-based retrospective cohort study, we
gathered all patients who presented to the department
of spine surgery between May 2010 and April 2020 and
were clinically diagnosed with spinal TB. The inclusion
criteria: 1. Patients diagnosed with spinal tuberculosis; 2.
Patients who underwent SF; 3. The collected data is com-
plete and available. The exclusion criteria: 1. Hematologi-
cal diseases, severe liver disease, chronic kidney disease
and malignant tumor; 2. Brucellosis; 3. Disc herniation; 4.
Spinal stenosis; 5. Spondylolisthesis; 6. Scoliosis deform-
ity; 7. Vertebral fracture and dislocation; 8. Revision
surgery; 9. Emergency surgery; 10. Minimally invasive
fusion surgery; 11. Pre-deposit autologous blood transfu-
sion; 12. Preoperative blood transfusion; 13. Despite the
indication for blood transfusion, the patient and family
refused the transfusion. The diagnosis of spinal tubercu-
losis is based on clinical history, imaging, laboratory tests
and tissue culture.1) Clinical symptoms include consti-
tutional symptoms of tuberculosis, cold abscesses, lym-
phadenopathy, back pain, neurologic deficits, and spinal
deformity; 2) Imaging revealed multiple involved verte-
bral bodies and well-preserved discs as well as soft tis-
sue shadowing due to cold abscesses; 3) Laboratory test
Non-specific alterations (erythrocyte sedimentation rate,
C-reactive protein and leukocytes) and specific result
(tuberculosis skin test) obtained by laboratory tests; 4)
Histological diagnosis including culture, histopathology
and, if necessary, polymorphic enzyme chain reaction.

Patient demographic characteristics, drug history, sur-
gical factors and clinical parameters were collected to
identify potential risk factors, including age, sex, comor-
bid diseases (e.g., hypertension and diabetes), anticoagu-
lant history, paraplegia, length of hospitalization, time to
definitive surgery, surgical duration, intraoperative blood
loss (IBL), number of fused vertebrae, preoperative labo-
ratory indicators, and expenses of hospitalization and
blood transfusion. All subject data were obtained from
our electronic medical records, and the study protocol
was approved by our institutional review board. R studio
and Python are used to produce figures.

A systematic review performed by Carson et al. [13]
indicated that a restrictive transfusion strategy (Hb level
of 70-90g/L) contributed to reduce transfusion rates by
39-43% and immunize mortality, complication rates and
readmission rates within 30days postoperatively against
unrestricted transfusion strategy. Therefore, our institu-
tion adheres to the following measures: blood transfu-
sion requirements were permitted if the patient has an
Hb<70g/L or an Hb of 70-100g/L in cases of advanced
age and poor cardiopulmonary function. We adopted
autologous transfusion techniques and calculate the IBL
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7 cases were excluded:

N=2 had malignancy tumor
N=2 had severe renal disease
N=1 had Brucellosis

N=1 had non-infected disc
herniation

N=1 refused transfusion

152 cases were finally
included in this study

Perform 10 fold cross validation on each model and
select the model with the maximum AUC

Fig. 1 The flowchart of this study

by the difference between the total suction volume and
the total flush volume. We defined anticoagulant his-
tory as heparin, low-molecular heparin or warfarin taken
within seven days before surgery. Preoperative labora-
tory indicators included PT, APTT, FBG, Hb, WBC, PLT,
HCT, MCV, MCH, MCHC, RDWCV, ALB, ESR, CPR.
The flowchart of the study was presented in Fig. 1.

Statistical analysis

All data statistical analysis were performed using SPSS
version 22.0 (IBM SPSS, Armonk, New York). Difference
in continuous data and categorical data were analyzed
using the independent sample t-test and chi-square test,
and were described with mean and standard deviation
(SD), and percentages, respectively. Univariate and mul-
tivariate logistic regression were used to identify the risk
of blood transfusion after spinal fusion. Statistical signifi-
cance level was defined as p <0.05.

Development of the nomogram

All independent risk factors (p<0.05) determined by
multivariate regression were entered into the nomogram.
Our prediction model graphically presented all signifi-
cant associations of blood transfusion in patients with
spinal TB undergoing SF.

Support vector machine

Support vector machine (SVM) is a supervised classifi-
cation model [14]. We used SVM with the linear kernel
to classify the patients via a recursive feature elimination

approach. The implementation of the code depends on
the programming language Python 3.8 and data mining
algorithm Scikit-Learn 0.22. The accuracy of SVM is the
criterion to evaluate the classification performance after
training.

Decision tree

Decision tree (DT) conform to a tree classification
scheme, where nodes symbolize input variables and
leaves symbolize decision outcomes [15].

Multilayer perceptron

Multilayer perceptron (MLP) is a feedforward neural net-
work, which can fit high-dimensional data. Except the
input layer, each neuron in other layers has a nonlinear
activation function [16].

Naive Bayesian (NB)

Naive Bayesian models are a common binary classifier in
machine learning. The theory basis of NB is the Bayes-
ian rule, which aims to give the probability of a sample
belonging to each category [17].

K-nearest neighbors

K-nearest neighbors (K-NN) classifies unlabeled observa-
tions based on a similarity measure (e.g., distance func-
tion), which aims to find the k samples that are closest to
the training sample [18].
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Ensemble learning

To further verify the performance of machine learn-
ing in this work, an ensemble learning method, ran-
dom forest (RF), is selected. As an ensemble learning
method, RF gives the classification results based on
the class selected by the most trees, which can be also
regarded as a voting ensemble method.

Parameter selection

Specifically, the linear kernel function is selected in
SVM with parameter C equalling to 1. For MLP, the
number of layers and neurons in the hidden layer are
set as 3 and 5, respectively. The assumption distribution
of NB is set as Gaussian distribution. The maximum
depth of DT is set as 4 and the number of estimators in
RF is set as 10. In KNN, the value of k is set as 3.

Model capability validation and evaluation

To determine which model was superior in predicting
blood transfusion from the multidimensional data, the
obtained 10-fold cross-validation results were com-
pared. The average of the area under the ROC curve
(AUCQ) for 10-fold cross-validation represents the pre-
dictive power of the model, and the ROC curve is plot-
ted according to the maximum AUC. The threshold
value of the model prediction ability is AUC>0.5. A
larger AUC corresponds to a stronger prediction per-
formance. Meanwhile, we took additional measures to
evaluate nomogram, including decision analysis curves,
calibration plots and clinical impact curve.

Shiny web calculator

To improve the feasibility of using this predictive
model for clinicians, we have designed a web calcula-
tor using shiny package 1.3.2. This shiny application
was uploaded to Shinyapps.io in order to make it freely
available to all users.

Result

Baseline information of patients

A total of 152 patients were enrolled in the study after
excluding 7 cases (2 with malignancy tumor, 2 with
severe renal disease, 1 with Brucellosis, 1 with non-
infected disc herniation, and 1 refused transfusion) and
56 patients (36.8%) required allogeneic blood transfu-
sions after SF. Details of patients’ demographics and
baseline characteristics are recorded Table 1. Statistical
significance was found in the parameters listed below:
anticoagulant history(p =0.020), paraplegia(p =0.022),
surgical duration(p =0.009), IBL(p =0.018), number of
fused vertebrae(p =0.044), preoperative Hb(p =0.018),
preoperative  ~ MCHC(p  =0.044), preoperative
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ALB(p =0.030), hospitalization expenses(p <0.001).
Higher anticoagulants, paraplegia, length of hospitali-
zation, surgical duration, IBL, number of fused verte-
brae and hospitalization expenses in transfusion group,
whereas higher preoperative Hb, MCHC and ALB in
non-transfusion cohort.

Univariate and multifactorial logistic regression analyses
Predictors with p value less than 0.05 obtained from the
univariate logistic regression analyses were included in
the multifactorial logistic regression analyses. The final
independent risk factors identified included surgical
duration (OR=1.008, 95%CI 1.002-1.014, p=0.007),
IBL (OR=1.001, 95%CI 1.000-1.002, p=0.012), num-
ber of fused vertebrae (OR=2.034, 95%CI 1.261-3.280,
p=0.004), anticoagulant history (OR=3.281, 95%CI
1.296-8.360, p=0.012), preoperative Hb (OR=0.954,
95%CI 0.918-0.991, p=0.015), preoperative ALB
(OR=0.908, 95%CI 0.831-0.992, p =0.032), preoperative
MCHC (OR=0.953, 95%CI 0.914-0.993, p=0.022). The
specific results are shown (in Table 2).

Evaluation of selected transfusion risk via nomogram

and machine learning methods

10-fold cross-validation was used to evaluate the predic-
tion ability of nomogram and selected algorithms. The
following 10-fold cross-validation ROC curves show the
optimal prediction results for nomogram (Fig. 2.) and
SVM, K-NM, DT, NB, MLP and RF (Fig. 3.).

Evaluation of model predictive capability

Table 3 shows the predictive performance of the nomo-
gram and the selected machine learning models, includ-
ing the average AUC, maximum AUC, and average ACC.
The best average and maximum AUC values were found
in the nomogram with 0.75 and 0.93, respectively. The
predictive power and accuracy of the first place in the
machine learning algorithms was determined by the NB.

Construction and validation of the nomogram

Due to the superiority shown by nomogram in 10-fold
cross-validation, the statistical results of the logistic
regression were developed into a nomogram (Fig. 4).
Our nomogram presents the scores of each independ-
ent risk factor separately. The scores of the factors were
summed, and higher scores suggested higher transfusion
risk. The calibration plots of the nomogram confirm the
good agreement between the actual and predicted values
Fig. 5a. Decision curve analysis demonstrated the quali-
fied clinical utility of our model Fig. 5b. Clinical impact
curves Fig. 5¢ shown a consistent preponderance of
predicted high-risk patients within the most favorable
threshold probabilities and acceptable cost-effectiveness.
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Table 1 Demographics and Baseline Characteristics of All Patients
Variables Non-transfused cohort Transfused cohort Pvalue
Number of patients 96 56
Age (years) 53.52+17.80 (23, 83) 5498+17.41(13,84) 0.623
Sex (male/female) 50/46 31/25 0.696
Hypertension 40 (41.67%) 27 (48.21%) 0.057
Diabetes 15 (15.63%) 11 (19.64%) 0.526
Anticoagulant history 14 (14.58%) 17 (30%) 0.020
Paraplegia 0 3 (5.36%) 0.022
Length of hospitalization (days) 1963+£598 (11, 34) 2155+5.16(13,37) 0.047
Time to definitive surgery (days) 12.294+9.19(2,42) 12.86£9.20 (2, 39) 0.715
Surgical duration (min) 214.38+66.36 (95,410) 24327 4+61.92 (95,415) 0.009
IBL (ml) 596.98 +556.90 (100, 2500) 811.254493.22 (250, 3400) 0.018
Number of fused vertebrae 0.044

1 42 (43.75%) 19 (33.93%)

2 30 (31.25%) 12 (21.43%)

>3 24 (25.00%) 25 (44.64%)
P-PT (s) 12.3741.00 (10.30, 14.80) 12.36+0.95 (10.90, 14.80) 0.949
P-APTT (s) 31.42+4.79 (23.70,41.50) 32.05+£5.56 (24.10, 52.00) 0.463
P-FBG (g/L) 339+£1.20(0.71,5.63) 324+£122(0.82,5.77) 0472
P-Hb (g/L) 111.01+£11.06 (85, 133) 106.804+9.37 (89, 132) 0.018
P-WBC (1079/L) 6.64+2.13(2.69, 14.69) 6.80+£228(3.12,15.21) 0.680
P-PLT (1079/L) 249.07 £52.81 (159, 363) 251.02478.38(113,413) 0.855
P-HCT (%) 35.17+£3.64 (25.2,40.8) 34.13+£3.79(24.0,39.8) 0.096
P-MCV (f1) 86.95+£4.01(79.90, 92.50) 85.98+4.81 (74.50,97.10) 0.182
P-MCH (pg) 27.59+1.37(25.5,30.8) 27.06£2.12(22.1,31.6) 0.065
P-MCHC (g/L) 332.754+7.93 (315, 349) 329.68+10.60 (304, 351) 0.044
P-RDWCV (%) 13.48+0.46 (12.60, 14.50) 13.7541.29(11.30, 18.00) 0.065
P-ALB (g/L) 38.59+4.04 (29.80, 45.77) 37.02£4.63 (22.25,45.00) 0.030
P-ESR (mm/h) 33.82+12.72(11,81) 37.79+£1640 (8, 73) 0.099
P-CPR (mg/L) 33.93+15.74 (3.00, 74.00) 35.80+£ 15.84 (4.86, 80.00) 0.482
Hospitalization expenses (RMB) 72,635.7 £31,245 (8168.86, 115,657.69) 122,083.9434,483.8 (63,959.12, 0.000

Blood transfusion expenses (RMB)

0

201,266.44)
2498.20+1541.01

IBL Intraoperative blood loss, P-PT Preoperative prothrombin time, P-APTT Preoperative activated partial thromboplastin time, P-FBG Preoperative fibrinogen, P-Hb
Preoperative hemoglobin, P-WBC Preoperative white blood cell, P-PLT Preoperative platelet, P-HCT Preoperative hematocrit, P-MCV Preoperative mean corpuscular
volume, P-MCH Preoperative mean corpuscular hemoglobin, P-MCHC Mean corpuscular hemoglobin concentration, P-RDWCV Preoperative red cell volume

distribution width coefficient variation, P-ALB Preoperative aloumin, P-ESR Erythrocyte sedimentation rate, P-CPR Preoperative C reactive protein.

Web calculator design

In our web calculator, we provide 7 options that can
be modified and use “Probability” to represent trans-
fusion risk. After setting each option, clicking on
“predict” will get a line in the “Graphical Summary”
indicating the risk of blood transfusion. The risks of
multiple patients can be displayed simultaneously,
which helps to compare risk and develop individual
transfusion strategies. Click on the following website
to get this calculator: https://drwenleli.shinyapps.io/
ST Tapp/

Discussion

The gold standard for the diagnosis of spinal TB has
reached a consensus that culture confirms the pres-
ence of M.tuberculosis [6]. However, limited by the low
detection rate of mycobacteria in skeleton, diagnosis
commonly consisted of clinical symptoms, physical
examinations, radiographic manifestations, anti-tuber-
culosis drugs response, molecular methods, tissue and
microbiological assessment, polymerase chain reac-
tion (PCR) and gene detection [5-7]. Due to its dis-
guised clinical presentation and complicated diagnostic
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Table 2 Univariate Analysis and Multivariate Analysis Associated with Risk Factors for Blood Transfusion in patients with spinal

tuberculosis

Variable Univariable logistic regression analysis Multivariable logistic regression analysis
OR 95% ClI Pvalue OR 95% ClI Pvalue
Lower Upper Lower Upper
Surgical duration 1.007 1.002 1.012 0.011 1.008 1.002 1.014 0.007
IBL 1.001 1.000 1.001 0.025 1.001 1.000 1.002 0.012
Number of fused vertebrae 1.513 1.019 2.247 0.040 2.034 1.261 3.280 0.004
Anticoagulant history 2.553 1.143 5.702 0.022 3.281 1.296 8306 0.012
Preoperative Hb 0.962 0.931 0.994 0.020 0.954 0918 0.991 0.015
Preoperative ALB 0918 0.848 0.993 0.033 0.908 0.831 0.992 0.032
Preoperative MCHC 0.949 0914 0.986 0.008 0.953 0914 0.993 0.022
OR Odds ratio, 95% CI 95% Confidence interval.
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Fig. 2 ROC curve for maximum AUC values calculated in 10-fold cross validation from nomogram

targets, vertebral body (VB) destruction was discovered
at the patient’s first visit. Previous report demonstrated
VB involvement in 98% patients [6]. Antitubercular
drugs, the primary approach of managing TB, signifi-
cantly improves adverse events in these cases, but the
surgical intervention of patients with spinal TB can-
not be ignored. Notably, patients with spinal TB have
lower preoperative hemoglobin [19] and preoperative
albumin [20], higher transfusion rates [19-22], longer
operative time [21-23], more intraoperative blood
loss [23], and more fused vertebrae [23] than patients

undergoing SF for other etiologies, suggesting that allo-
geneic transfusion as a management measure is more
frequently used in spinal TB. And the length of hospital
stay is thus prolonged [23, 24]. Whereas, the complex
intra-human environment in TB patients place them
at higher risk for serious transfusion complication [4].
Thus, it is urgent to investigate the risk factors of blood
transfusion after SF, develop a convenient and sensi-
tive prediction model, tailor the surgical strategy to the
patient’s characteristics, and ensure the optimal func-
tional outcome.
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Table 3 Predictive performance of nomogram and machine
learning algorithms

Model Average AUC Maximum AUC Average
Accuracy

Nomogram 0.75 0.93

Support vector machine 0.62 0.68 0.62
K-nearest neighbors 0.65 0.77 0.71
Decision tree 0.56 0.60 0.64
Naive Bayesian 0.74 0.88 0.73
Multilayer perceptron 0.56 0.63 0.65
Random Forest 0.72 083 0.75

In the current article, there were seven parameters
significantly associated with transfusion supported by
strong evidences, including preoperative hemoglobin,
preoperative albumin, preoperative MCHC, surgical
duration, number of fused vertebra and anticoagula-
tion history. As the most readily available test result, we
chose the first blood test result after the patient arrived at

our department. We reckon that this strategy can mini-
mize heterogeneity and facilitate the model predict the
patients’ blood transfusion risk at an early stage.
Preoperative hemoglobin has been verified as a signifi-
cant predictor of transfusion among published clinical
trials conducted in patients undergoing spinal surgeries
[21, 25]. In view of the persistent inflammation in TB
patients, the balance of iron in the body is disrupted and
its absorption is reduced and consumption increased
[3]. Therefore, anemia in TB patients is not infrequent
and has a complex pathology. In our study, preopera-
tive Hb was 106.80+£9.37 in the transfusion set versus
111.01+11.06 in the non-transfusion group. Soliman
et al. [19] report that a 49.6-fold increase in the probabil-
ity of transfusion in patients with preoperative Hb<11g/
dL compared to those with preoperative Hb > 14.g/dL. We
detected that lower preoperative albumin result in higher
transfusion requirements (37.02+£4.63 vs. 38.59 £4.04;
p=0.030), which might be related to the poor general
condition of TB patients. For patients undergoing sur-
gery for spinal TB, lower preoperative albumin maps out
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to worsening health status, more complications, longer
hospital stays, and possibly increased mortality [26,
27]. Furthermore, low protein-related malnutrition is
a risk factor for TB infection and both might be mutu-
ally reinforcing [28]. Accordingly, preoperative serum
albumin was a potent predictor in evaluating the both
of transfusion risk and long-term survival, and initiative
preoperative management should be adopted to correct
perioperative status and reduce transfusion risk [29]. The
potential association between MCHC and blood transfu-
sions appears to be related to the correction of anemia.
Some studies have shown that drugs to improve anemia
also increase MCHC in patients [30, 31].

As for intraoperative factors, we found that patients
that undergone longer surgical duration, more fused ver-
tebrae, and more intraoperative blood loss (IBL) tended
to request blood transfusions. The number of fused ver-
tebrae was deemed as the strongest predictor and our
speculation is supported by a report from China that it
may be the dependent variable affecting the length of
surgery and IBL [32]. Multilevel vertebral fusion requires
a matching extensive incision and sustained retraction
forces to expose the surgical field, which means that a
large amount of muscle behind the posterior spine and
the posterior complex will hardly be preserved. Medically
induced muscle and soft tissue injuries and disruptions in
spinal integrity and stability, as well as prolonged surgery
times, can increase blood loss during surgery [33]. In
the systematic review by Elgafy et al. [34], the threshold
for intraoperative blood loss in patients requiring blood

transfusion is 650 ml, which is comparable to our report.
Morcos et al. [24] found that each additional 60 min of
surgery time increases the chance of blood transfusion by
4.2% after a retrospective cohort study of postoperative
transfusion risk in posterior fusion.

We found evidence that anticoagulant history be
associated with blood transfusion, which was compa-
rable to part of the previous reports. In the literature by
Fiasconaro et al. [35], the investigators confirmed the
increased odds of cases using aspirin and regular heparin
by exploring the potential risk of heparin, low-molecular
heparin, and aspirin on blood transfusions. In addition,
due to the favorable safety demonstrated by low molec-
ular weight heparin with negligible risk of bleeding and
blood transfusion, it is recommended for patients in
need [36]. Interestingly, there were contradictions in the
patient’s anticoagulant history and routine coagulation
test results (PT, APTT and platelet count). The underly-
ing mechanism might be that these measurement meth-
ods are not sensitive. Such as PT, this indicator generally
serves in evaluating common pathways of procoagulant
factors (factors II, V, and X) and significantly reduced tis-
sue factor pathways (factor VII) [37].

Based on the results of logistic regression analysis, we
constructed the first predictive model that correlates the
risk of blood transfusion with both SF surgery and spi-
nal TB. We acknowledge that nomogram has made a
great contribution to clinical decision-making via intui-
tive visualization and low cost. Both the decision curve
analysis and the clinical impact curve indicate the great
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clinical value of this established nomogram in risk strati-
fication. Furthermore, we found that nomogram is the
best prediction model compared to ML with an average
AUC of 0.75 and a maximum AUC of 0.93. However, in
the digital era, artificial intelligence has penetrated sev-
eral fields of medicine such as genetics and radiographic
and we should not be stagnant [38, 39]. Machine learn-
ing techniques has the potential to deliver early and accu-
rate diagnosis, and the ability to evaluate prognosis and
develop management among complex clinical datasets.
Han et al. [40] and Goyal et al. [41] reported the machine
learning algorithms for adverse events and unplanned
readmissions associated with SF, respectively. In our
modeling, the machine learning algorithms we aggres-
sively selected were support vector machines, decision
trees, multilayer perceptron, naive Bayesian, k-nearest
neighbors and random forest. The results of five algo-
rithms and nomogram reveal gratifying predictive per-
formance with an average AUC greater than 0.5 for all
10-fold cross-validation.

With the interactive shiny application [42], we created
a web calculator that make it easy to compare the effects
of different parameters individually and in combina-
tion, in order to supply a viable tool for clinical screen-
ing of high-risk transfusion patients. (https://drwenleli.
shinyapps.io/STTapp/) Based on this platform, we pro-
vided users with eight modifiable parameters: surgical
duration, IBL, number of fused vertebrae, anticoagulant
history, preoperative Hb, preoperative Albumin, preop-
erative MCHC.

Although we have highlighted the prominent advan-
tages of this constructed model and algorithms, several
limitations of present literature are still worthy of atten-
tion. First, the small sample size of the collected patients
and the fact that they were all from one central institution
led to some possible overfitting during the data process-
ing phase. Secondly, there may be bias in our retrospec-
tive study. Third, although there are a number of clinical
parameters that we use to predict transfusion risk, the
interaction between M. tuberculosis and the host remains
unclear [43]. Further studies should focus on a broader
range of assay metrics and surgical parameters.

Conclusion

In conclusion, our study achieved the objective of iden-
tifying predictors of transfusion in patients with spinal
TB undergoing SF and demonstrated multiple predictive
models including machine learning algorithms. Although
Al is still under development, the broad application pros-
pect of machine learning in clinical big data can be fore-
seen, and it facilitates the evolution towards precision
medicine.
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