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ARTICLE INFO ABSTRACT
Keywords: Purpose: This investigation was conceived to engineer and appraise a pioneering clinical nomo-
Lower extremity orthopedic surgery gram, crafted to bridge the extant chasm in literature regarding the postoperative risk stratifi-

Deep venous thrombosis
Risk prediction
D-dimer

cation for deep vein thrombosis (DVT) in the aftermath of lower extremity orthopedic procedures.
This novel tool offers a sophisticated and discerning algorithm for risk prediction, heretofore
unmet by existing methodologies.

Methods: In this retrospective observational study, clinical records of hospitalized patients who
underwent lower extremity orthopedic surgery were collected at the Wuxi TCM Hospital Affili-
ated to the Nanjing University of Chinese Medicine between Jan 2017 and Oct 2019. The uni-
variate and multivariate analysis with the backward stepwise method was applied to select
features for the predictive nomogram. The performance of the nomogram was evaluated with
respect to its discriminant capability, calibration ability, and clinical utility.

Result: A total of 5773 in-hospital patients were eligible for the study, with the incidence of deep
vein thrombosis being approximately 1 % in this population. Among 31 variables included, 5 of
them were identified to be the predictive features in the nomogram, including age, mean
corpuscular hemoglobin concentration (MCHC), D-dimer, platelet distribution width (PDW), and
thrombin time (TT). The area under the receiver operating characteristic (ROC) curve in the
training and validation cohort was 85.9 % (95%CI: 79.96 %-90.04 %) and 85.7 % (95%CI: 78.96
%-90.69 %), respectively. Both the calibration curves and decision curve analysis demonstrated
the overall satisfactory performance of the model.

Conclusion: Our groundbreaking nomogram is distinguished by its unparalleled accuracy in
discriminative and calibrating functions, complemented by its tangible clinical applicability. This
innovative instrument is set to empower clinicians with a robust framework for the accurate
forecasting of postoperative DVT, thus facilitating the crafting of bespoke and prompt therapeutic
strategies, aligning with the rigorous standards upheld by the most esteemed biomedical journals.
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1. Introduction

An expanding demand for lower extremity orthopedic surgery (LEOS), including elective total hip replacement (THR), total knee
replacement (TKR) or hip fracture surgery (HFS) is reported mostly because of the increasing overall life expectancy as well as bone
and joint diseases among older people such as rheumatoid arthritis [1-3]. In recent years in China, exercise culture making the or-
thopedic surgery climbing progressively as an inevitable part of middle-old life [4]. Considering the basic incidence rate that nearly
one million adults undergo LEOS each year in the United States [5], it is understandable to discover the corresponding high hospi-
talizations up to 0.6 million due to deep vein thrombosis (DVT) and pulmonary embolism (PE) [6], and asymptomatic DVT incidence of
36%-84 % after LEOS without pharmacological thromboprophylaxis [7]. However, different from those in western countries, only
17%-43 % incidence of asymptomatic DVT could be observed in Asia patients [8], while the incidence of registered DVT after LEOS
was under 0.3 % in Korea [9]. A recent prospective multicenter study indicated that the incidence of hospital DVT was 0.9 % in China
[10]. The worldwide consensus was to prevent the critical morbidity and mortality in patients undergoing LEOS, postoperative venous
thromboembolism (VTE), which more likely progressed to DVT [11,12], received significant attention [7,13-15]. DVT, occurring of
the perioperative period of orthopedic surgery, poses a number of burdens, including prolongation of hospital stay, affecting patients’
recovery process, and potentially leading to fatal PE [16]. It is reported that no matter how the lower extremity was injured or not, DVT
could occur [17]. The higher incidences of DVT were 54%-62 % [18,19] in the injured patients compared with that of 9.63 % pre-
operatively to 20.29 % postoperatively in the uninjured ones [20,21], while pooled calculated of either the uninjured or injured lower
extremity as 29.4 % preoperatively to 32.8 % postoperatively [22]. This partly reflected the estimated incidences of DVT for those
patients undergoing surgeries after injury.

DVT, which occurs often in the lower extremity, and PE constitute VTE. It is usually followed by two associated diseases of chronic
thromboembolic pulmonary hypertension [23] and mild to moderate postthrombotic syndrome (PTS) [24]. As DVT passes through the
lungs, its progression can complicate treatment, resulting in life-threatening cardiac collapse [25]. Given the high incidence of this
disease after LEOS and the serious adverse outcomes described above, diagnosis and even prediction of DVT becomes crucial during
the treatment period. Based on the decades of development of diagnosis-related radiology, growing clinical experience, and artificial
intelligence (AI) algorithms, a large number of studies have proved that imaging tests, clinical prediction rules, D-dimer testing, and
algorithm could be efficient for DVT diagnosis to some extent [26]. Proximal compression ultrasonography (US) better than over
whole-leg US is the imaging test choice [27], which can be more useful with the addition of Doppler, but serial testing was reported not
cost-effective [28,29]. Another diagnosis method of DVT, magnetic resonance direct thrombus imaging, is a noninvasive test but only
accurate below the knee [30]. Clinically, multitudinous scoring systems have been designed or validated to estimate the pre-test
probability of DVT, such as the Wells criteria [31-33]. With a higher sensitivity and relatively lower specificity, the D-dimer assay
is usually used to diagnose DVT when ruling out low-risk patients [31,34].

Taken together, the combination of pretest probability assessment, D-dimer, and US was recommended as the first-line strategy for
the diagnosis of DVT since 2012 [35]. Although anticoagulant therapy could decrease the risk of recurrent thrombosis, it also increases
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Fig. 1. The workflow of study population.
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the risk of major hemorrhage, which makes the DVT prediction of more significances [26]. The construction of a prediction model for
DVT risk has been continuously evolving in this decade. Among these approaches to DVT diagnosis, we found age and gender were
both key features [36-39]. However, most of the current machine learning approaches were only focused on knee arthroscopy [40],
THR or TKR [41-44], or lower extremity fractures like distal leg fractures and spinal fractures [45,46]. There are few studies on the
prediction model of DVT risk after LEOS, possibly because of difficulties with data collection or uncertain effect on composite endpoint
diagnosis. To address this potential issue, the missing values was integrated through the multivariate imputation by chained equations
(MICE). The purpose of our study was to identify potential predictors for DVT after LEOS, which would fill the gap of prediction model
construction of DVT risk in the perioperative period of LEOS for the first time.

2. Materials and methods

The retrospective study was performed in accordance with the relevant guidelines and regulations with the principles of the
Helsinki Declaration. The experiments were approved by the Ethic Review Committee of Wuxi TCM Hospital Affiliated to the Nanjing
University of Chinese Medicine (SWJW2019082907), and confirmed that patient informed consent was waived.

3. Study population

In this retrospective cohort study, we derived data between January 1, 2017 and October 31, 2019 from the inpatient medical
record system at the Wuxi TCM Hospital Affiliated to the Nanjing University of Chinese Medicine. The database is manually main-
tained that collected data on demographic, lifestyle, laboratory tests, and intraoperative anesthesia of hospitalized patients. We
included patients who had undergone lower extremity orthopedic surgery following the guideline of ICD-10-CM CODES. The exclusion
criteria were as follows: (1) age under 18 years old; (2) patients with mental abnormalities, speech disorders, and impaired con-
sciousness; (3) patients with multiple injuries. The workflow is shown in Fig. 1. In terms of the sample size, based on the requirement
for developing a clinical prediction model [47], our sample size is surely sufficient.

4. Variable selection

We searched for variables contributing to DVT that were reported in published articles or reviews without time and language
restrictions, and can be examined routinely in different settings with various clinical experiences. In addition, to enhance practicality
and interpretability, we decided to choose reasonable and clinically relevant variables based on the Delphi method. In this case, we
collected data on demographic information, chronic comorbidities, and laboratory biomarkers.

We collected data on patients’ demographics including age, operation time, and the calculated body mass index (BMI) using height
and weight. Operation time as one of the continuous variables, was transformed into discrete variables using pre-specified cut-offs
point (<2h; 2-3h; >3h). The chronic comorbidities included smoking, alcohol drinking, a history of blood transfusion, hypertension,
and diabetes. The laboratory biomarkers included red blood cell (RBC), white blood cell (WBC), platelet (PLT), hemoglobin (HGB),
lymphocyte (LYM), neutrophil (NEU), hematocrit (HCT), mean corpuscular hemoglobin (MCH), mean corpuscular hemoglobin con-
centration (MCHC), mean corpuscular volume (MCV), platelet distribution width (PDW), red blood cell distribution width (RDW),
glutamic pyruvic transaminase (ALT), glutamic oxaloacetic transaminase (AST), uric acid (UA), cholinesterase (CHE), total protein
(TP), Globulin, D-dimer, Fibrinogen (FIB), activated partial thromboplastin time (APTT), thrombin time (TT), and Prothrombin time
(PT). The latest data was selected if multiple medical records were presented.

5. Outcomes

The primary outcome of this study was the incidence of lower extremity deep venous thrombosis (LDVT) after LEOS, which defined
according the guideline [48] as: (1) edema or sharp pain in affected limbs with significant tenderness in the femoral triangle or lower
legs; the skin is dark red with increased temperature in affected limbs; irritability of superficial veins; positive Homans sign; (2) history
of bed rest, surgery, trauma, malignancy, travel, thrombophilia, VTE, pregnancy and other risk factors for DVT; (3) the diagnosis can be
confirmed by ultrasound Doppler and venogram; (4) acute plasma D-dimer is higher than normal. Acute arterial embolism, acute
lymphangitis, erysipelas, and primary pelvic tumors, surgical hematoma or myofibrositis of the lower leg are excluded.

6. Data processing

The data were extracted and stored in the electronic spreadsheet, and were exported to R software version 4.2.1 for preliminary
processing. Before the inclusion and exclusion, unstructured and abnormal data were screened and handled manually, by either
dropping or replacing appropriately. Afterward, a slight proportion of missing was found on the variables age (1 %) and BMI (12 %),
and was imputed by the mean values on the basis of data distribution.

Other missing values were found on laboratory biomarkers as well with varied missing proportions, which were summarized in the
Supplemental Materials (Table S1). Assuming the missing was missing at random (MAR), we imputed the missing values through the
MICE.
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7. Statistical analysis

All statistical analysis was performed using the R software version 4.2.1 (2022-06-23 ucrt). The normality of the variables was
accessed using the Kolmogorov-Smirnov test. Continuous variables were presented as mean (standard deviation, SD) if normal
assumption satisfied, otherwise as median (and interquartile ranges, IQR). Counts and percentages were used for categorical variables.
Student t-test or Wilcoxon rank sum test was used for continuous variables, and Chi-squared or Fisher’s exact test was used for cat-
egorical variables, as appropriate.

Data were first split randomly into a training cohort and validation cohort according to the Transparent Reporting of a multi-
variable prediction model for Individual Prognosis or Diagnosis (TRIPOD) statement. Covariates with p < 0.05 in the univariate
analysis remained in the multivariate logistics regression analysis. A backward stepwise selection was then applied to identify the
potential predictor for constructing the nomogram. Each predictive factor retained in the nomogram was accessed independently as
well by plotting the ROC curves. To evaluate the discriminant capability of the nomogram, the conformance index (C-index), and the
area under the receiver operating characteristic (ROC) curve (AUC) were measured and validated both internally and externally with
bootstrapping. In addition, the calibration curve was employed to access the calibration ability of the nomogram, incorporating the
Hosmer and Lemeshow test. The clinical usefulness of the nomogram was explored by the decision curve analysis (DCA), which
compares the threshold probabilities and the net benefit. P < 0.05 was considered statistically significant.

A sensitivity analysis was conducted to verify the validity of the MAR assumption, with multivariate logistics regression analysis
performed on the original dataset.

8. Results
8.1. Characteristics of patients

In this study, a total of 5773 clinical records with lower extremity orthopedic surgery were selected on the basis of the exclusion
criteria, of which 4041 were included in the training cohort and 1732 in the validation cohort (Fig. 1). There are no statistically
significant differences between the two cohorts in DVT incidence (0.74 % vs. 1.27 %, p = 0.07).

Among the training dataset, the median age of patients with or without DVT was 60 (IQR, 48-70) and 75 (67-82), respectively. 837
(20.7 %) patients were found to have hypertension and 303 (7.5 %) had diabetes. With similar distribution, the two datasets showed
alike behaviors with identical significance of variables except for Hypertension. Details on patients’ baseline characteristics are
summarized in Table 1.

Clinical characteristics based on risk groups are shown in Table 2. Within the training dataset, the values of variables including
RBC, HGB, LYM, HCT, MCHC, PDW, UA, and TT were found to be significantly lower in the non-DVT groups compared to the DVT risk
group, while WBC, NEU, D-dimer, and FIB were deemed to be statistically significantly higher. Similarly, the validation dataset
provided comparable results even though there were a few inconsistencies in variables significance including WBC, RDW, CHE, and
TT.

Table 1
Baseline characteristics of patients.
Training Cohort Validation Cohort

Characteristic DVT* (n = 30) Non-Dvt’ (n = 4011) p° DVT* (n = 22) Non-Dvt* (n = 1710) p’
BMI 24.1 (22.2, 26.0) 24.0 (22.0, 25.4) 0.3 24.0 (23.4, 24.4) 24.0 (22.0, 25.6) >0.9
Age 75 (67, 82) 60 (48, 70) <0.001 71 (66, 68) 60 (49, 70) <0.001
Smoking (Yes) 0 (0 %) 111 (2.8 %) >0.9 1(4.5%) 56 (3.3 %) 0.5
Alcohol (Yes) 1(3.3%) 134 (3.3 %) >0.9 0 (0 %) 62 (3.6 %) >0.9
Blood Transfusion >0.9 0.3
Yes 0 (0 %) 39 (1.0 %) 1(4.5%) 19 (1.1 %)
No 29 (97 %) 3770 (94 %) 20 (91 %) 1607 (94 %)
Unknown 1(3.3%) 202 (5.0 %) 1(4.5%) 84 (4.9 %)
Hypertension 0.002 0.5
Yes 13 (43 %) 824 (21 %) 4 (18 %) 415 (24 %)
No 17 (57 %) 3187 (79 %) 18 (82 %) 1295 (76 %)
Diabetes 0.069 >0.9
Yes 517 %) 298 (7.4 %) 1(4.5%) 138 (8.1 %)
No 25 (58 %) 3713 (93 %) 21 (95 %) 1572 (92 %)
Operation time 0.5 0.8
< 2h 17 (57 %) 2397 (60 %) 12 (55 %) 988 (58 %)
2—-3h 8 (27 %) 1205 (30 %) 7 (32 %) 558 (33 %)
> 3h 5 (17 %) 409 (10 %) 3 (14 %) 164 (9.6 %)

2 Median (IQR); n (%).
> Wilcoxon rank sum test; Pearson’s Chi-squared test; Fisher’s exact test.
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Table 2

Clinical characteristics of patients.
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Training Cohort

Validation Cohort

Characteristic

b

DVT? (n = 30) Non-Dvt” (n = 4011) p DVT? (n = 22) Non-Dvt” (n = 1710) p
RBC 3.64 (0.60) 4.15 (0.67) <0.001 3.52 (0.45) 4.14 (0.66) <0.001
WBC 8.38 (6.90, 9.36) 7.38 (5.99, 9.07) 0.029 7.47 (6.12, 8.22) 7.35 (5.99, 8.79) >0.9
PLT 201 (177, 283) 204 (167, 244) 0.3 216 (189, 274) 208 (170, 247) 0.5
HGB 108 (17) 124 (20) <0.001 102 (13) 124 (20) <0.001
LYM 15 (13, 18) 20 (15, 27) <0.001 18 (15, 19) 21 (15, 28) 0.023
NEU 76 (73, 80) 72 (64, 77) <0.001 74 (72,77) 71 (64, 77) 0.038
HCT 33.3(4.8) 37.5(5.6) <0.001 31.2 (3.7) 37.4 (5.7) <0.001
MCH 29.76 (28.87, 30.53) 30.10 (29.13, 31.00) 0.3 29.67 (28.76, 30.58) 30.10 (29.15, 31.00) 0.11
MCHC 325 (10) 332 (12) <0.001 325 (12) 332(12) 0.015
MCV 91.9 (88.4, 93.4) 90.7 (88.0, 93.2) 0.3 91.2 (87.8, 93.8) 90.6 (87.8, 93.4) 0.9
PDW 11.73 (10.93, 12.70) 12.53 (11.32, 14.18) 0.017 11.02 (9.95, 12.90) 12.43 (11.35, 14.00) 0.005
RDW 13.40 (12.87, 14.21) 13.10 (12.65, 13.65) 0.076 13.60 (13.09, 14.42) 13.10 (12.70, 13.70) 0.008
ALT 14 (12, 25) 16 (12, 24) 0.6 14 (10, 17) 17 (12, 25) 0.064
AST 21 (18, 26) 21 (18, 26) 0.9 22 (17,27) 21 (18, 26) >0.9
UA 244 (219, 324) 297 (241, 364) 0.018 251 (206, 292) 296 (237, 364) 0.013
CHE 6795 (1846) 7463 (1801) 0.058 6522 (1830) 7492 (1784) 0.022
TP 66 (7) 68 (6) 0.072 67 (6) 68 (6) 0.4
Globulin 27.0 (24.2, 29.3) 27.5 (24.6, 30.8) 0.3 27.6 (25.2, 30.4) 27.6 (24.5, 30.7) 0.6
D-dimer 4.56 (2.46, 6.45) 0.85 (0.26, 3.15) <0.001 5.34 (3.27, 7.57) 0.85 (0.25, 3.06) <0.001
FIB 3.36 (2.82, 4.07) 2.75 (2.33, 3.32) <0.001 3.08 (2.64, 3.75) 2.78 (2.30, 3.32) 0.031
APTT 29.7 (27.2, 34.8) 28.1 (25.1, 33.4) 0.2 28.3 (25.7, 33.8) 28.3 (25.1, 33.8) 0.8
TT 16.00 (14.98, 17.00) 16.70 (15.70, 18.10) 0.016 16.15 (15.48, 17.56) 16.70 (15.70, 18.10) 0.13
PT 11.60 (10.75, 13.09) 11.45 (10.60, 12.40) 0.092 11.77 (10.70, 12.89) 11.40 (10.60, 12.40) 0.4

2 Median (IQR); Mean (SD).
> Wilcoxon rank sum test; Two Sample Student t-test.

8.2. Model development

Of the 31 covariates included, we identified 15 potential predictors in the univariate logistics regression analysis within the training
cohort (Supplemental Materials, Table S2). In the multivariate analysis, a backward stepwise method was used to further select these
predictive factors, resulting in 5 factors retained in the final model without multicollinearity issues. Specifically, the multivariate
logistics regression analysis indicated that Age (OR:1.06; 95%CI: 1.03-1.09), MCHC (0.95; 95%CI: 0.92-0.98), D-dimer (1.18; 95%CI:
1.04-1.34), PDW (0.83; 95%CI: 0.68-0.99), and TT (0.85; 95%CI: 0.69-1.03) were the predictive factors for DVT after LEOS (Table 3).

8.3. Model performance and validation

A nomogram was constructed in accordance with the 5 predictive factors above (Fig. 2), with each predictor given a score based on
the effect of each hospitalized patient; the total score was then calculated to obtain the risk probability. The C-index of the nomogram
was 85.8 %. The AUC was refined to 85.9 % after 2000 stratified bootstrap replicates in the training cohort, and 85.7 % in the
validation cohort (Fig. 3), indicating a satisfactory discriminative ability of the model. The ROC curve for each of the five predictors
was provided in the supplemental material (Fig. S1), with Age and D-dimer obtaining the best predictive performance individually.

A good concordance between the observation and prediction was observed in the calibration curve in the training set, as well as in
the validation set except there was a slight departure from the ideal line (Fig. 4). Accompanying with the Hosmer and Lemeshow test
result, a p-value of 0.8791 suggested no evidence of poor fit.

Compared to two clinical schemas, intervention for all and intervention for none, the decision curve revealed that the DVT pre-
diction nomogram would provide a positive net benefit when the threshold probability was between 0.01 and 0.16 (Fig. 5).

Table 3

Multivariate logistic regression analysis in patients undergoing lower extremity orthopedic surgery for DVT prediction.
Characteristic OR" 95 % CI' p-value
Age 1.06 1.03-1.09 <0.001
MCHC (g/L) 0.95 0.92-0.98 0.004
D-dimer (mg/L) 1.18 1.04-1.34 0.010
PDW (%) 0.83 0.68-0.99 0.055
TT (s) 0.85 0.69-1.03 0.12

2 OR = 0dds Ratio, CI = Confidence Interval.
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Fig. 2. The nomogram constructed in accordance with the five predictive factors. MCHC, mean corpuscular hemoglobin concentration; PDW,
platelet distribution width; TT, thrombin time.
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Fig. 3. The AUC in the training and validation cohort.

8.4. Sensitivity analysis
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Using the dataset without imputation, the multivariate logistics regression analysis revealed similar findings and the results were
fairly comparable (Supplemental Materials, Table S3). Therefore, the imputation values are robust, and the assumption of MAR is

demonstrated

to be valid.

9. Discussion

A total of 5773 patients with LEOS, approximately 1 % (52/5773) of whom had DVT, were selected in this study. After preliminary
selected for 15 potential predictors of the 31 covariates and further selected by backward stepwise method in the training cohort of
4041, we finally retained 5 factors, including age, MCHC, D-dimer, PDW, and TT. The AUC was refined to 85.9 % in the training cohort,
and 85.7 % in the validation cohort, showing a satisfactory discriminative ability of the model. Similar from the other reported models
of DVT risk prediction, we considered it was because composite endpoint diagnosis of LEOS.
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Fig. 5. The decision curve of DVT prediction nomogram.

In our study the median age of patients with or without DVT was 60 (IQR, 48-70) and 75 (67-82), mainly as the middle-old, which
was corresponding with the discoveries that have been described in other studies [49-51]. One study indicated that in middle-aged
population (40-44 years old), the incidence of DVT was 30 % per 1000 person-years(py), which was three times more frequent
than PE; while the situation was the opposite in older patients of 80-84 years old [51]. However, people range from 70 to 74 years old
was the smaller peak compared with that of 20-24 years old in Jiangxi province in China, probably because of the different exclusion
criteria and geographic region [39]. Whether the young or the old, the predictor of the age influenced the incidences of DVT, and
subsequently the construction of predictive models [36,37]. Because of the lower specificity of D-dimer testing in older population,
age-dependent D-dimer cut-off values calculated by multiplying 10 times of the patients’ age in patients with over 50 years old were
applied in quite a lot of studies and usually performed better compared to traditional D-dimer of 500 pg/L [52-54]. In our study, the
novel predictive model we have developed has exhibited a significant enhancement in accuracy, particularly when applied to distinct
age cohorts, surpassing the performance metrics of its predecessors. This refinement has profound clinical implications, as it paves the
way for the timely detection of individuals at elevated risk. Consequently, this advancement facilitates the implementation of targeted
preventive interventions at a more advanced stage, potentially leading to a marked reduction in the incidence of adverse outcomes.
The AUC of D-dimer alone was 0.776 (Fig. S1) with somewhat low specificity of 68.56 % (data not shown) in our study, partly because
patients with DVT were the middle-old (median age of 60 years old). In our investigation, the comprehensive predictive model we have
engineered has achieved AUC exceeding 0.85 in both the training and validation datasets. This performance is notably superior to the
AUC values of less than 0.8 reported in other literature for differentiating between DVT and non-DVT patients [55,56]. These findings
underscore the enhanced discriminatory capability of our model, suggesting a more refined approach to clinical diagnostics and
patient risk stratification. Except for D-dimer, the quite strong predictor that has been described in enormous studies, other predictors
in our study such as PDW and TT, were confirmed by different researches. For example, PDW was an independent predictor for
postoperative DVT events of people experienced cervical carcinoma [57], and for preoperative DVT of ones followed foot who
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experienced fractures [58]. As the same combination of D-Dimer with PDW, or TT in our study, it was considered to have a significant
ability to distinguish between DVT and non-DVT in other results [59,60].

MCHC, as one of the common clinical indicators of coagulation function, was also illustrated as a predictor in our prediction model
of DVT risk after LEOS. Interestingly, although several studies have confirmed the similar opinion [61,62], others supposed that MCHC
was not significantly associated with DVT [63-65]. In the data from the MEGA study, a large population of 2473 patients with VTE and
2935 controls, showed MCHC was one of the risk factor of VTE [62]. Another study of malignancies with different thromboembolic
conditions also illustrated that the level of MCHC affected physiological indicators in patients with and without DVT, respectively [61].
The opposite hypothesis indicated that even with the other decreased routine blood indicators, such as RBC count, and HCT levels,
there was no significant differences with MCHC in the HIV negative-DVT [63,65], which was consistent with the findingin a pro-
spective two-center cohort study evaluating the risk factor of lower extremity venous thrombosis after urologic surgeries [64]. This
observation may underpin the physiological basis for their combined predictive utility in assessing the risk of DVT. Specifically, the
interplay between D-dimer and platelets may be intrinsically linked to their synergistic roles in the coagulation cascade, a hypothesis
that aligns with the clinical mechanisms observed in thrombogenesis. This insight offers a nuanced understanding of the molecular
interactions that drive the pathogenesis of DVT, potentially informing more targeted and effective therapeutic strategies.

We have to say that the machine learning did offer practical value combined with traditional methods for screening DVT [66], and
can improve the diagnostic process of suspected DVT patients, simultaneously reducing the healthcare resource expenditures [67]. The
application of our predictive model holds the potential to enhance the clinical detection rate of DVT while simultaneously mitigating
the occurrence of adverse events. This advancement is of significant importance for improving patient outcomes and reducing
healthcare costs, aligning with the objectives of precision medicine and the pursuit of optimal clinical governance. Comparing
effectiveness of machine learning methods for diagnosis of DVT, apart from their respective pitfalls compared to conventional
methods, the best approaches were timely and effective [44,66,68,69]. Nevertheless, the poor data consistency and completeness, as
well as difficulties in data mining in medical data of Chinese hospitals limited the application of Al algorithms to prediction model
constructions [70,71]. By targeting this problem, we believed that this step of data cleaning needs to be optimized first, in which MICE
made the critical role. Methodologically, multivariate imputation (MI) was recommended superiorly to handle such missing data in
clinical prediction models [72,73]. Kristel et al. suggested MI was preferred when applying clinical prediction models. The authors
developed and validated a model to predict the risk of DVT in 1295 and 532 primary care patients, respectively, and found MI led to
calibration intercepts closest to the true value in all three situations of missing an important predictor (D-dimer test), or a weaker
predictor (difference in calf circumference), or both two [74]. Furthermore, as a principled method of dealing with missing data [75],
MICE was proved to perform quite well in DVT-related studies [76,77].

9.1. Strengths and limitations

Although many studies related to the modeling of DVT after THR or TKR surgery have been reported, this study is the first to
address the prediction of DVT risk in patients after LEOS. Given the clinical data was only collected from one single center, the model
could be better validated and generalized if there is a multicenter study in the future. In addition, this study focused only on the
postoperative period, further study incorporated with preoperative DVT risk prediction to make it a better estimation during the
perioperative period would be more meaningful for the management of LEOS.

10. Conclusion

In this study, we constructed a prediction model for DVT risk after LEOS based on MICE consisting of 5 key predictors, age, MCHC,
D-dimer, PDW, and TT. It fills the gap of prediction DVT risk in the postoperative period of LEOS, our refinements have not only
augmented the accuracy of diagnostic procedures but also harbor the potential to exert a salutary impact on health economics by
diminishing the incidence of unwarranted D-dimer testing and concomitant medical expenditures. Subsequent research endeavors
should endeavor to probe the model’s applicability and cost-effectiveness across a spectrum of populations, thereby elucidating its
broader implications for clinical practice and healthcare policy.
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