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Abstract: Objective: To develop predictive models for assessing deep vein thrombosis (DVT) risk among lumbar disc
herniation (LDH) patients and evaluate their performances. Methods: A retrospective study was conducted on 798
LDH patients treated at the First Hospital of Hebei Medical University from January 2017 to December 2023. The
patients were divided into a training set (n = 558) and a test set (n = 240) using computer-generated random num-
bers in a ratio of 7:3. Patients without DVT in the training set were categorized as the non-DVT group (n = 463), while
those diagnosed with DVT were the DVT group (n = 95). Univariate analysis was performed to compare clinical data
between the two groups. Data with statistical significance were used for the development of a Logistic regression
model, Gradient boosting model, and Random Forest model. Model performance was evaluated through receiver
operating characteristic (ROC) curve analysis and calibration curve assessment. Results: In the training set, uni-
variate analysis revealed significant differences in age, platelets (PLT), cholesterol (TC), triglycerides (TG), glycated
hemoglobin (HbAlc), D-dimer (D-D), fibrinogen (FIB), activated partial thromboplastin time (APTT), prothrombin time
(PT), and thrombin time (TT) between the non-DVT group and the DVT group (all P<0.05). Predictive models were
constructed based on these indicators. The areas under the ROC curves (AUCs) in the training set were as follows (in
descending order): Random Forest model (0.978) > Gradient boosting model (0.943) > Logistic regression model
(0.919). In the test set, the AUCs were: Random Forest model (0.952) > Gradient boosting model (0.941) > Logistic
regression model (0.908). The DelLong test indicated that the AUC of the Random Forest model in the training set
was significantly higher than that of the Logistic regression model (P<0.05); however, no significant difference was
observed between the other two models. Calibration curves demonstrated that the predictive probabilities from all
three models closely aligned with actual DVT incidence in both sets. Conclusion: The Logistic regression model,
Gradient boosting model, and Random Forest model constructed in this study exhibit good predictive value for
the occurrence of DVT in LDH patients, aiding in the optimization of clinical management of clinical management.
Among them, the Random Forest model performed the best of the three.

Keywords: Lumbar disc herniation, deep vein thrombosis, risk factor, Logistic regression model, Gradient boosting
model, Random Forest model

Introduction

Lumbar disc herniation (LDH) is a prevalent
condition in orthopedic spine disorders, primar-
ily stemming from degenerative alterations in
the nucleus pulposus, fibrous ring, and carti-
lage plate of the lumbar intervertebral disc.
These alterations lead to the protrusion of
nucleus pulposus through the ruptured fibrous
ring, compressing and irritating the nerve roots
and cauda equina. This, in turn, causes lumbar
pain and radicular pain in the lower limbs [1].
The progression of LDH is often prolonged, with
a high recurrence rate. Throughout this extend-

ed course, patients not only experience a
marked decline in their quality of life but also
may have restricted physical activities due to
pain, resulting in prolonged bed rest. These life-
style alterations inevitably diminish blood circu-
lation to the lower extremities, contributing to
venous stasis in the leg veins [2, 3]. Such hemo-
dynamic changes create an environment con-
ducive to the development of deep vein throm-
bosis (DVT), a thrombotic condition that insi-
diously manifests within the deep venous sys-
tem, predominantly affecting the lower limbs.
Notably, early symptoms of DVT are often sub-
tle and challenging for patients to recognize;
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thus, they are frequently overlooked [4]. If left
untreated or inadequately managed, thrombus
can dislodge and travel to the pulmonary artery,
leading to fatal pulmonary embolism or precipi-
tating severe complications such as myocardial
infarction and even sudden cardiac death -
thereby posing significant threats to patient
safety [D, 6]. Early and accurate prediction of
DVT occurrence holds paramount significance
for improving the prognosis among LDH pa-
tients. However, there is limited information on
the incidence rates and the risk factors for DVT
in this patient population. Therefore, this study
aims to identify the key risk factors for DVT in
LDH patients and develop predictive models
based on these factors. The objective is to
enhance clinical capabilities for early detection
of DVT risk in LDH patients, thereby facilitating
more proactive preventive measures and
reducing the incidence of DVT.

Materials and methods
Patients

A retrospective cohort study was conducted on
798 patients diagnosed with LDH who under-
went treatment at The First Hospital of Hebei
Medical University between January 2017 and
December 2023. The participants were strati-
fied into a training cohort (n = 558) and a test
cohort (n = 240) using computer-generated
randomization in a ratio of 7:3. The training
cohort was employed for model validation. This
study was approved by the Ethics Committee of
The First Hospital of Hebei Medical University.

Inclusion criteria: (1) Clinically confirmed diag-
nosis of primary LDH; (2) Age >18 years; (3)
Receipt of conservative management; (4) Av-
ailability of complete requisite data. Exclusion
criteria: (1) Presence of other musculoskeletal
conditions; (2) History of DVT; (3) Long-term
usage of anticoagulant or antiplatelet medica-
tions; (4) Significant cardiac, hepatic, or renal
impairment; (5) Severe cardiovascular, cerebro-
vascular, malignant neoplasms, coagulation ab-
normalities, or infectious ailments; (6) Pregnan-
cy or lactation; (7) Loss to follow-up.

DVT diagnosis

A color Doppler ultrasound device operating at
a probe frequency of 9.0 MHz was used for
diagnosis. The patient was positioned in a su-

7439

pine posture with the lower limbs slightly ex-
tended and externally rotated, ensuring relax-
ation and encouraging regular deep breathing.
Intermittent compression was applied to as-
sess the femoral vein, superficial femoral vein,
deep femoral vein, popliteal vein, posterior tibi-
al vein, anterior tibial vein, peroneal vein, and
calf muscle interosseous venous network for
the presence of any thrombus indicative of DVT.

Data collection

A comprehensive review of the literature on
DVT risk factors informed the data collection
process. The hospital’s electronic information
system was employed to collect the following
data: age, gender, body mass index (BMI), smo-
King history, underlying diseases (hyperten-
sion, diabetes, hyperlipidemia), hospital stay,
and laboratory tests measured within 24 hours
of admission [red blood cells (RBC), white blood
cells (WBC), platelets (PLT), hemoglobin (Hb),
cholesterol (TC), triglycerides (TG), fasting blood
glucose (FBG), glycated hemoglobin (HbAlc),
D-dimer (D-D), fibrinogen (FIB), activated partial
thromboplastin time (APTT), prothrombin time
(PT), and thrombin time (TT)].

Statistical methods

Statistical analysis was performed using SPSS
26.0. Qualitative data were presented as fre-
quency and percentage [n (%)], and the Chi-
square test was applied for comparison. Fo-
llowing univariate analysis, Logistic regression
model, Gradient boosting model, and Random
Forest model were developed using RStudio
software. The discriminative ability and calibra-
tion of these models were evaluated by receiv-
er operating characteristic (ROC) curve and
calibration curve analyses. Comparisons of the
area under the ROC curve (AUC) were conduct-
ed using the DelLong test. A P-value of less than
0.05 was considered a significant difference.

Results

Univariate analysis of clinical data in the train-
ing set and test set

In the training set, 463 patients without DVT
were included in the non-DVT group, while 95
patients with DVT were included in the DVT
group. In the DVT group, the proportion of
patients with age >52 years, PLT>306 x 10%/L,
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Table 1. Univariate analysis of clinical data [n (%)]

Training set Test set
Data Non-DVT group DVT group 5 p Non-DVT group DVT group 5 p
(n=463)  (n=95) X (n=193) (=47 X
Age 29.130 <0.001 42969 <0.001
<52 years 299 (64.58) 33(37.74) 134 (69.43) 8 (17.02)
>52 years 164 (35.42) 62 (65.26) 59 (30.57) 39 (82.98)
Gender 1.102 0.294 6.067 0.014
Female 142 (30.67) 24 (25.26) 59 (30.57) 6 (12.77)
Male 321 (69.33) 71 (74.74) 134 (69.43) 41 (87.23)
BMI 2.683 0.101 7.349 0.007
<23.1 kg/m? 265 (57.24) 63 (66.32) 106 (54.92) 36 (76.60)
>23.1 kg/m? 198 (42.76) 32 (33.68) 87 (45.08) 11 (23.40)
Smoking history 162 (34.99) 37 (38.95) 0.538 0.463 70 (36.27) 25(53.19) 4,526 0.033
Hypertension 147 (31.75) 26 (27.37) 0.707 0.400 56 (29.02) 14 (29.79) 0.135 0.713
Diabetes 83 (17.93) 13 (13.68) 0.996 0.318 32 (16.24) 5 (10.64) 1.023 0.312
Hyperlipidemia 96 (20.73) 18 (18.95) 0.155 0.694 51(26.42) 5 (10.64) 5265 0.022
Length of stay 1.060 0.303 0.013  0.909
<8 days 126 (27.21) 21 (22.11) 55 (28.50) 13 (27.66)
>8 days 337 (72.79) 74 (77.89) 138 (71.50) 34 (72.34)
RBC 0.337 0.562 3.558 0.059
<6.2 x 10*2/L 210 (45.36) 40 (42.11) 91 (47.15) 15 (31.91)
>6.2 x 10%2/L 253 (54.64) 55 (57.89) 102 (52.85)  32(68.09)
WBC 2.928 0.087 0.003 0.958
<8.3 x 10°/L 320 (69.11) 74 (77.89) 143 (74.09) 35 (74.47)
>8.3 x 10%/L 143 (30.89) 21 (22.11) 50 (25.91) 12 (25.53)
PLT 43.130 <0.001 10.327  0.001
<306 x 109/L 329 (71.06) 34 (35.79) 138 (71.50) 22 (46.81)
>306 x 10%/L 134 (28.94) 61 (64.21) 55 (28.50) 25 (53.19)
Hb 1.173 0.279 0.366  0.545
<131g/L 262 (56.59) 48 (50.53) 108 (55.96) 24 (51.06)
>131 g/L 201 (43.41) 47 (49.47) 85 (44.04) 23 (48.94)
TC 6.819 0.009 0.111  0.739
<5.6 mmol/L 275 (59.40) 70 (73.68) 116 (60.10) 27 (57.45)
>5.6 mmol/L 188 (40.60) 25 (26.32) 77 (39.90) 20 (42.55)
TG 134.140 <0.001 38.927 <0.001
<1.0 mmol/L 376 (81.21) 21(22.11) 146 (75.65) 13 (27.66)
>1.0 mmol/L 87 (18.79) 74 (77.89) 47 (24.35) 34 (72.34)
FBG 2176  0.140 1.803  0.179
<4.5 mmol/L 121 (26.13) 18 (18.95) 51(26.42) 8 (17.02)
>4.5 mmol/L 342 (73.87) 77 (81.05) 142 (73.58) 39 (82.98)
HbAlc 22116 <0.001 16.281 <0.001
<6.5% 372 (80.35) 55 (57.89) 154 (79.79) 24 (51.06)
>6.5% 91 (19.65) 40 (42.11) 39 (20.21) 23 (48.94)
D-D 221.946 <0.001 108.087 <0.001
<0.4 mg/L 409 (88.34) 16 (16.84) 175 (90.67) 9 (19.15)
>0.4 mg/L 54 (11.66) 79 (83.16) 18 (9.33) 38 (80.85)
FIB 121.750 <0.001 20.423 <0.001
<45g/L 351 (75.81) 16 (16.84) 141 (73.06) 18 (38.30)
>4.5g/L 112 (24.19) 79 (83.16) 52 (26.94) 29 (61.70)
APTT 60.940 <0.001 14970 <0.001
<30s 201 (43.41) 83 (87.37) 83 (43.01) 35 (74.47)
>30s 262 (56.59) 12 (12.63) 110 (56.99) 12 (25.53)
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PT 269.848 <0.001 103.901 <0.001
<9s 39 (8.42) 80 (84.21) 16 (8.29) 36 (76.60)
>9s 424 (91.58) 15 (15.79) 177 (91.71) 11 (23.40)

T 40.825 <0.001 16.268 <0.001
<14s 240 (51.84) 83 (87.37) 93(48.19)  38(80.85)
>14's 223 (48.16) 12 (12.63) 100 (51.82) 9 (19.15)

BMI: body mass index; RBC: red blood cell count; WBC: white blood cell count; PLT: platelet; Hb: hemoglobin; TC: cholesterol; TG: triglycerides;
FBG: fasting blood glucose; HbAlc: glycated hemoglobin; D-D: D-dimer; FIB: fibrinogen; APTT: activated partial thromboplastin time; PT: prothrom-

bin time; TT: thrombin time.

Table 2. Assignment of independent variables

as presented in Table 3. Sub-

sequently, a Logistic regressi-

Independent variable Assignment del p’ | d wi
Age 0 = <52 years; 1 = >52 years on model was developed wi-
th the specific formula: logit

PLT 0 =<306 x 10%/L; 1 = >306 x 10%/L (P) = 2.550 + 2.433 x TG +
TG 0 =<1.0 mmol/L; 1 = >1.0 mmol/L 3.107 x APTT - 4.553 x PT -
HbAlc 0 =<6.5%; 1= >6.5% 1.570 x TT. A line chart was
D-D 0=<0.4mg/L; 1=>0.4 mg/L generated to visualize the mo-
FIB 0=<45g/L;1=>45¢g/L del performance, depicted in
APTT 0=<30s;1=>30s Figure 1.
PT 0=<9s;1=>9 . .

S S For the Gradient boosting mo-
T 0=<14s;1=>14s

del, age, PLT, TC, TG, HbAlIc,

PLT: platelets; TC: cholesterol; TG: triglycerides; HbAlc: glycated hemoglobin; D-D: D-
dimer; FIB: fibrinogen; APTT: activated partial thromboplastin time; PT: prothrombin

time; TT: thrombin time.

TC<5.6 mmol/L, TG>1.0 mmol/L, HbAlc>6.5%,
D-D>0.4 mg/L, FIB>4.5 g/L, APTT<30 s, PT<9
s, and TT<14 s were significantly higher than in
the non-DVT group (all P<0.05). In the test set,
193 patients were included in the non-DVT
group and 47 patients were included in the DVT
group. In the DVT group, the proportion of pa-
tients with age >52 years, male sex, BMI<23.1
kg/m?, smoking history, combined hyperlipid-
emia, PLT>306 x 10°/L, TG>1.0 mmol/L, Hb-
Alc>6.5%, D-D>0.4 mg/L, FIB>4.5 g/L, APTT<
30 s, PTL9 s, and TT<14 s were significantly
higher than in the non-DVT group (all P<0.05).
Details are shown in Table 1.

Construction of the predictive models

The occurrence of DVT was considered as the
dependent variable (assigned values: O = ab-
sent, 1 = present). Age, PLT, TC, TG, HbAlc, D-D,
FIB, APTT, PT, and TT were included as indepen-
dent variables in the logistic regression analy-
sis. The assignments are detailed in Table 2.
The results indicated that TG, D-D, FIB, APTT,
PT, and TT were significant independent factors
influencing the occurrence of DVT in patients,
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D-D, FIB, APTT, PT, and TT
were used as independent
variables. The model was
optimized with the following
parameters: shrinkage = 0.01, cv.folds = 10,
n.trees = 2000, interaction.depth = 1. The opti-
mal generalization error was achieved when
n.trees = 1280. Furthermore, the model deter-
mined the relative importance of each indepen-
dent variable, ranked in descending order as:
PT, D-D, TG, FIB, APTT, PLT, TT, HbAlc, age, and
TC, as illustrated in Figure 2.

For the Random Forest model, age, PLT, TC, TG,
HbAlc, D-D, FIB, APTT, PT, and TT were used as
independent variables. The model parameters
were set to ntree = 500, mtry = 3, with stable
error performance. The mean decrease Gini
values of the variables were ranked in descend-
ing order as follows: PT, D-D, FIB, TG, APTT, PLT,
TT, age, HbAlc, and TC, as depicted in Figure 3.

Validation of performance of predictive models

In the training set, AUCs were ranked in des-
cending order as follows: the Random Forest
model (0.978, 95% Cl: 0.963-0.992) > the
Gradient boosting model (0.943, 95% CI:
0.904-0.982) > the Logistic regression model
(0.919, 95% CI: 0.866-0.952). Similarly, in the
test set, AUCs followed a similar pattern with
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Table 3. Logistic regression analysis

Independent variable B SE Wald P OR (95% Cl)

Age 0.588 0.609 0.934 0.334 1.801 (0.546-5.941)
PLT 0.906 0.633 2.045 0.153 2.474 (0.715-8.561)
TC -0.074 0.605 0.015 0.903 0.929 (0.284-3.042)
TG 2.433 0.618 15.493 <0.001 11.397 (3.393-38.282)
HbAlc 1.071 0.668 2.572 0.109 2.920 (0.788-10.815)
D-D 2.924 0.661 19.574 <0.001 18.613 (5.097-67.976)
FIB 2.644 0.681 15.072 <0.001 14.071 (3.703-53.465)
APTT -3.107 0.852 13.307 <0.001 0.045 (0.008-0.237)
PT -4.553 0.768 35.122 <0.001 0.011 (0.002-0.047)
T -1.570 0.702 5.000 0.025 0.208 (0.053-0.824)
Constant -2.550 0.813 9.830 0.002 -

PLT: platelets; TC: cholesterol; TG: triglycerides; HbAlc: glycated hemoglobin; D-D: D-dimer; FIB: fibrinogen; APTT: activated
partial thromboplastin time; PT: prothrombin time; TT: thrombin time.

sion model (0.908, 95% CI:

0.856-0.960), as illustrated in

20 4mglL Figure 4.

The Delong test indicated
590 that the AUC of the Random

. 0 10 20 30 40 50 60 80 90 100
Points L . ) . L . \ \ . )
>1.0mmol/L
TG =1.0mmol/L
DD (oamgl
FIB S4sg1
APTT 2308
PT ;95 <14s

Forest model in the training
set was significantly greater

Total Points ¢ 50 100 150 200 250

than that of the Logistic re-

30 400 450 gression model (P<0.05); how-

Probability of Occurrence

Figure 1. Line chart. TG: triglycerides; D-D: D-dimer; FIB: fibrinogen; APTT: ac-
tivated partial thromboplastin time; PT: prothrombin time; TT: thrombin time.

PT
D-D
TG
FIB
APTT
PLT
TT
HbAlc
Age
TC

T T 1
10 20 30 40

o 4 —:--.II

Relative influence

Figure 2. Relative importance of variables in the
Gradient boosting model. PT: prothrombin time; D-D:
D-dimer; TG: triglycerides; FIB: fibrinogen; APTT: ac-
tivated partial thromboplastin time; PLT: platelets;
TT: thrombin time; HbAlc: glycated hemoglobin; TC:
cholesterol.

the Random Forest model (0.952, 95% CI:
0.928-0.977) > Gradient boosting model
(0.941, 95% Cl: 914-967) > the Logistic regres-
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089 ever, no significant difference
was observed between the
other two models, as detail-
ed in Table 4. The calibration
curves demonstrated a close
alignment between the predicted probability
of DVT incidence and the actual occurrence
across both training and test sets for all three
models, as illustrated in Figure 5.

Discussion

DVT can pose an immediate threat to a patient’s
life [7], making prompt diagnosis and treat-
ment crucial. While venography is considered
as the ‘gold standard’ for DVT diagnosis due to
its high precision in visualizing deep veins using
contrast-enhanced X-rays [8, 9], its invasive
nature limits clinical use due to the potential
renal burden from contrast agents. Presently,
clinical DVT diagnosis relies heavily on imaging
modalities like color Doppler ultrasound. How-
ever, diagnostic delays may occur in cases lack-
ing specific symptoms or when patients cannot
undergo these tests [10]. Therefore, it is essen-
tial to identify the DVT risk factors in patients
with LDH and to develop a predictive model.
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Figure 3. Relative importance of variables in the
Random Forest model. PT: prothrombin time; D-D:
D-dimer; FIB: fibrinogen; TG: triglycerides; APTT: ac-
tivated partial thromboplastin time; PLT: platelets;
TT: thrombin time; HbAlc: glycated hemoglobin; TC:
cholesterol.

The development of DVT is widely believed to
be associated with blood hypercoagulability,
endothelial cell injury, and reduced blood flow.
Several contributing factors have been identi-
fied [11]. Previous research [12-14] has demon-
strated that age, gender, hypertension, alcohol
consumption, and smoking are significant risk
factors for the occurrence of DVT. Based on
these factors, clinicians can identify high-risk
populations for DVT and initiate early preven-
tive measures. Univariate analysis in this study
revealed significant differences in age, PLT, TC,
TG, HbAIlc, D-D, FIB, APTT, PT, and TT between
the non-DVT group and the DVT group in the
training set. Logistic regression analysis fur-
ther identified TG, D-D, FIB, APTT, PT,and TT as
independent influencing factors for DVT among
patients. This can be attributed to the fact that
elderly patients generally exhibit higher blood
viscosity, which, in combination with vascular
endothelial ageing, predisposes them to hyper-
coagulability and an increased risk of thrombo-
sis [15]. Elevated TC and TG levels can reduce
blood flow velocity, further increasing the risk
of thrombosis. These lipid abnormalities can
also damage endothelial cells, leading to in-
flammatory responses that promote clot forma-
tion. Additionally, elevated TC levels are linked
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to atherosclerosis, where plaque deposition on
arterial walls can rupture, causing platelets to
aggregate and clot formation [16, 17]. HbAlc is
as a crucial marker for glucose control, with
higher levels indicating poorer glucose control.
Even in a non-diabetic population, an increase
in glycemic index is associated with an elevat-
ed risk of blood clotting [18]. D-D is commonly
utilized to assess the extent of thrombosis and
fibrinolysis. Elevated D-D levels indicate ongo-
ing clot breakdown, as fibrinolysin degrades
fibrin in clots [19]. However, various diseases,
including sepsis, can also elevate D-D levels
[20]. FIB, APTT, PT, and TT reflect body’s coagu-
lation function, with abnormal values suggest-
ing impaired coagulation [21]. Elevated FIB lev-
els may suggest increased blood viscosity and
heightened tendency for blood clotting, raising
the risk of DVT [22]. Therefore, it is imperative
to implement comprehensive preventive mea-
sures targeting the identified risk factors.
Regular monitoring of the patient’s TG, D-D,
FIB, APTT, PT, and TT levels is essential for early
detection of DVT. Additionally, vigilant observa-
tion of changes in the patient’'s condition is
essential for promptly addressing any potential
complications.

In the era of precision medicine, disease pre-
diction models play a crucial role in managing
disease risk. This study developed three predic-
tive models to assess the risk of DVT in LDH
patients based on identified risk factors. Lo-
gistic regression, a widely utilized statistical
method in medical research, is part of the gen-
eral linear regression family and is particularly
effective in handling binary or multi-class de-
pendent variables. In this study, the Logistic
regression model exhibited AUCs of 0.919 and
0.908 for the training and test sets, respective-
ly. In recent years, driven by the rapid advance-
ment of information technology and artificial
intelligence, there has been a growing trend
towards constructing risk prediction model-
s using machine learning methods. Gradient
boosting, a machine learning technique utilized
for regression and classification tasks, con-
structs a robust learner through iterative train-
ing and refinement of weak learners to mini-
mize the loss function [23]. In this study, the
constructed Gradient boosting model achieved
AUC values of 0.943 and 0.941 on the training
set and test set, respectively. Random Forest
model, an ensemble learning method that en-
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Figure 4. ROC curve analysis for the performance of three predictive models.
A: Logistic regression model in training set; B: Logistic regression model in
test set; C: Gradient boosting model in training set; D: Gradient boosting
model in test set; E: Random Forest model in training set; F: Random Forest
model in test set.

model in the training set. This
difference may be attributed
to the more stringent assump-
tions of the Logistic regres-
sion model, including inde-
pendence of observed variab-
les, absence of interaction eff-
ects, and linear relationship
between logit (P) and indepen-
dent variables. In contrast,
the Random Forest model
imposes fewer assumptions,
is less sensitive to multicol-
linearity and less susceptible
to overfitting. Additionally, it
provides insight into feature
importance. All three models
exhibited high precision. Con-
sidering the current results,
the application of Random
Forest models should be pri-
oritized for prediction and
decision-making in practical
contexts, while integrating
Gradient boosting models for
a more comprehensive analy-
sis. Furthermore, it is crucial
to acknowledge the limita-
tions inherent in Logistic re-
gression models and consider
more flexible modeling app-
roaches.

While this investigation has
yielded valuable findings, se-
veral limitations must be
acknowledged. First, the data
were sourced exclusively from
clinical records at a single
medical facility, which may
introduce selection and infor-
mation biases. Furthermore,

hances model accuracy and stability by con-
structing multiple decision trees and aggregat-
ing their predictions [24]. The AUC values for
the training set and test set of the Random
Forest model developed in this study were
0.978 and 0.952, respectively. All three models
demonstrated strong discriminative ability, wi-
th the AUC ranking as follows: Random Forest
model > Gradient boosting model > Logistic
regression model. The DelLong test revealed a
significantly higher AUC for the Random Forest
model compared to the Logistic regression
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the retrospective nature limits the ability to
establish causal relationships; thus, only corre-
lational outcomes can be inferred. Additionally,
using univariate analysis for variable selection
in model construction may have led to the
omission of relevant factors that could influ-
ence DVT occurrence. Consequently, future
research should use multicenter prospective
cohort studies with larger sample sizes to
explore more variables such as genetic predis-
positions, lifestyle patterns, and medication
use so as to enhance prognostic precision.
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Table 4. Comparison of AUC for predictive models

Training set Test set
V4 P V4 P
Logistic regression model VS Gradient boosting model 0.914 0.361 1.101 0.271
Gradient boosting model VS Random Forest model 1.652 0.099 0.598 0.550
Logistic regression model VS Random Forest model 3.209 0.001 1.468 0.142
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Figure 5. Calibration curves for three predictive models. A: Logistic regression model in training set; B: Logistic
regression model in test set; C: Gradient boosting model in training set; D: Gradient boosting model in test set; E:
Random Forest model in training set; F: Random Forest model in test set.

ed good predictive value for the occurrence of
DVT in LDH patients, offering potential bene-
fits for optimizing clinical management. Among

In summary, the Logistic regression model,
Gradient boosting model, and Random Forest
model constructed in this study all demonstrat-

7445 Am J Transl Res 2024;16(12):7438-7447
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them, the Random Forest model exhibited the
best performance and should be prioritized for
use in clinical settings.
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