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Radiomics based on MRI to predict recurrent
L4-5 disc herniation after percutaneous
endoscopic lumbar discectomy
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Abstract

Background In recent years, radiomics has been shown to be an effective tool for the diagnosis and prediction of
diseases. Existing evidence suggests that imaging features play a key role in predicting the recurrence of lumbar
disk herniation (rLDH). Thus, this study aimed to evaluate the risk of rLDH in patients undergoing percutaneous
endoscopic lumbar discectomy (PELD) using radiomics to facilitate the development of more rational surgical and
perioperative management strategies.

Method This was a retrospective case-control study involving 487 patients who underwent PELD at the L4/5 level.
The rLDH and negative groups were matched using propensity score matching (PSM). A total of 1409 radiomic
features were extracted from preoperative lumbar MRI images using intraclass correlation coefficient (ICC) analysis,
t-test, and LASSO analysis. Afterward, 6 predictive models were constructed and evaluated using ROC curve analysis,
AUC, specificity, sensitivity, confusion matrix, and 2 repeated 3-fold cross-validations. Lastly, the Shapley Additive
Explanation (SHAP) analysis provided visual explanations for the models.

Results Following screening and matching, 128 patients were included in both the recurrence and control groups.
Moreover, 18 of the extracted radiomic features were selected for generating six models, which achieved an AUC
of 0.551-0.859 for predicting rLDH. Among these models, SVM, RF, and XG Boost exhibited superior performances.
Finally, cross-validation revealed that their accuracy was 0.674-0.791, 0.647-0.729, and 0.674-0.718.

Conclusion Radiomics based on MRI can be used to predict the risk of rLDH, offering more comprehensive guidance
for perioperative treatment by extracting imaging information that cannot be visualized with the naked eye.
Meanwhile, the accuracy and generalizability of the model can be improved in the future by incorporating more data
and conducting multicenter studies.
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Introduction

At present, percutaneous endoscopic lumbar discectomy
(PELD) is considered a popular minimally invasive tech-
nique in spine surgery. Indeed, it is widely adopted by
surgeons and patients owing to the advantages of being
non-traumatic, involving minimal bleeding, and allow-
ing for faster recovery compared with traditional spine
surgery [1, 2]. However, the remaining portion of the disc
puts patients at risk for recurrence of lumbar disc hernia-
tion (rLDH), with reported incidence rates ranging from
2.8 to 15% [3-5]. Therefore, there is a pressing need to
preoperatively evaluate the risk of recurrence to inform
individualized management during the perioperative
period.

Currently, radiomics is extensively applied in the field
of skeletal muscle systems for bone tumors, such as dif-
ferential diagnosis of bone diseases and tumors, pre-
diction of tumor complications, prognosis of tumor
treatment, and pathological grading [6—8]. While stud-
ies related to radiomics for osteoporosis have also surged
in recent years [9], research investigating LHD remains
scarce.

With advances in radiological techniques, radiological
imaging has emerged as a crucial examination in spine
surgery, with lumbar MR being the most important imag-
ing examination for lumbar disc herniation. As is well
documented, imaging features play a pivotal role in the
early prediction and prevention of rLDH. Nonetheless,
these features have not been systematically and compre-
hensively analyzed [10]. Radiomic features, a large set
of quantitative features mathematically extracted from
medical images that reflect intra-regional heterogeneity,
have been speculated to potentially provide unknown
information related to specific diseases [11-14]. There-
fore, this study aimed to preoperatively evaluate the risk
of rLDH in patients undergoing PELD using radiomics
techniques, thereby laying a theoretical reference for
perioperative management.

Earlier studies have established that biomechanical
performance varies at each lumbar disc level [15], with
the incidence of rLDH in the L4/5 segment being rela-
tively higher than in other levels [16, 17]. Therefore, this
retrospective case-control study examined patients who
underwent PELD at the L4/5 level.

Patients and methods

Study population and groups

This retrospective study was conducted on patients who
underwent PELD for L4-5 disc herniation in our depart-
ment. All radiological and relevant clinical data during
the follow-up period were acquired from the clinical
database of our medical institution. Between Janu-
ary 2014 and December 2022, a total of 3345 patients
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underwent PELD at the L4/5 level, of which 487 patients
were followed up and had complete data.

Following a thorough review of the clinical data of
these patients, the inclusion and exclusion criteria were
established as follows:

Inclusion criteria

(1) Patients who underwent PELD at the L4/5 segment;
(2) Postoperative imaging displaying satisfactory decom-
pression of the nerve; (3) Patients had an asymptomatic
period of at least 2 weeks postoperatively, followed by
recurrence of disc herniation at the same segment; (4)
Postoperative follow-up for at least 1 year.

Exclusion criteria

(1) Patients with poor post-operative recovery and
follow-up imaging data displaying persistent nerve
compression (surgery-related); (2) Disc herniation at
segments other than L4/5; (3) Comorbid thoracolumbar
spine diseases (e.g., spinal fractures, infections, compul-
sory spondylitis, rheumatoid arthritis, tumors, etc.); (4)
Previous surgeries within 3 adjacent segments.

According to the criteria described in previous stud-
ies [17], recurrent lumbar disc herniation (rLDH) was
defined as follows: (1) Recurrence of neuropathic lower
extremity pain after a postoperative asymptomatic period
of at least 2 weeks; (2) Sagittal and transverse T2WI
sequences of repeat MRI depicting protrusion of the
nucleus pulposus from the L4/5 intervertebral space into
the spinal canal or intervertebral foramen, accompanied
by compression and deformation of the dural sac. Par-
ticipants who experienced rLDH in this study underwent
reoperation.

Considering the large difference in numbers and inter-
nal variability between the two groups, propensity score
matching (PSM) was performed. Five variables were
matched using PSM, namely gender, BMI, height, weight,
and age, using a 1:1 matching protocol (nearest-matching
algorithm), with a caliper width of 0.2 times the standard
deviation of the logit of the propensity score. Eventually,
an equal number of rLDH cases were matched to nLDH
patients. (Fig. 1)

MRI examination

MRI data were acquired using a 3.0T system (SIGNA Pio-
neer, GE Healthcare) equipped with a 32-channel thora-
columbar spine coil. Only sagittal sequences were used in
this study due to the possibility of overlapping interverte-
bral discs with bone in the cross-sectional images, which
can compromise the representativeness of images. Imag-
ing parameters included: sagittal T2WI FRESE sequence
(TR 2394 ms and TE 120 ms); slice thickness of 4—5 mm,
slice spacing of 0.8—1 mm, a field of view of 26*26 cm,
matrix size of 320*256, and a total of 11 scanned slices.
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Fig. 1 Flow chart of patient inclusion and exclusion

Radiomic feature extraction and selection

All images were collected from the institution’s Pic-
ture Archiving and Communication System (PACS) in
DICOM format, with accordant window width and win-
dow location.

The region of interest (ROI) was manually outlined on
T2WT using 3D Slicer software. In addition to the disc,
its surrounding structures are also involved in the recur-
rence of disc herniation. Meng Kong and Chong Zhao
identified lumbar lordosis, retrolisthesis, Modic changes,
small muscle-disc ratio (M/D), and fatty infiltration as
risk factors for PELD recurrence [10, 18]. Thus, the out-
lined area included the L4/5 disc and the two adjacent
vertebral bodies, as well as the anterior half of the acces-
sory pedicle, the anterior longitudinal ligament, and the
posterior longitudinal ligament. (Fig. 2) Based on the
defined ROI, 1409 features (including first-order statis-
tics, shape-based 2d and 3d features, gray-level matrix,
and wavelet-based features) were automatically extracted
from the lumbar MRI using Python’s pyradiomics pack-
age [19].

a b c
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The intraclass correlation coefficient (ICC) was used to
examine interobserver variability. A total of 36 patients
were randomly selected for evaluation. The first author
(Antao Lin) outlined the ROI and extracted the imaging
features, following which co-author (Hao Zhang) inde-
pendently repeated the outlining and extraction process.
The two observers were blinded to the clinical informa-
tion at the time of measurement. Radiomic features with
ICC>0.75 were considered reliable and selected for the
ensuing analyses.

Feature screening was conducted prior to the con-
struction of the radiomics models, thereby minimizing
overfitting or other types of bias. The t-test was used to
compare the correlation of features between groups. Fea-
tures with p-value<0.05 were considered significantly
different and selected. Then, the least absolute shrinkage
and selection operator (LASSO) analysis was employed
to identify the ideal feature set. This approach reduced
the coefficients of some features to zero via regulariza-
tion, and the remaining features were used to construct
the final model. Ten-fold cross-validation was used to
adjust the regularization parameter (\).

Establishment and evaluation of the predictive model

In the present study, six machine learning models were
selected to predict lumbar disc herniation recurrence
after PELD. These predictive models were developed
using Python and included logistic regression (LR), sup-
port vector machine (SVM), Naive Bayes (NB), XG
Boost (XGB), Random Forest (RF), and K-nearest Neigh-
bor (kNN). The radiomic score (Rad score) was calcu-
lated for each patient using the following formula: Rad
score =y, . . CixXi+ b, where Xi represents the ith
selected feature, Ci denotes the corresponding feature
coefficient, and b is the intercept.

d

Fig. 2 The region of interest (ROI). The green area represents ROI. a: Sagittal position; b: Coronal position; ¢: Axis position; d: 3D rendering of ROI
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Table 1 Before propensity score matching

Non-rLDH rLDH p-value

n 320 128
Group (%)

0 320 (100) 0(0) <0.001

1 0(0) 128 (100)
Gender (%)

Female 129 (40.3) 48 (37.5) 0.658

Male 191 (59.7) 80 (62.5)
BMI (mean (SD)) 21.68(3.78) 2628 (3.23) <0.001
Height (mean (SD)) 167.98 (8.48) 168.32 (8.09) 0.698
Weight (mean (SD)) 61.25 (12.06) 74.66 (11.84) <0.001
Age (mean (SD)) 55.02 (19.05) 5943 (14.19) 0.018 (<0.05)

rLDH: recurrence of lumbar disc herniation

Thereafter, patients were divided into a training set and
a test set in the ratio of 7:3. The training set was used to
develop the predictive model, whereas the test set was
used to evaluate its performance. The receiver operat-
ing characteristic (ROC) curve was plotted using Graph-
Pad Prism software. The performance of the model was
evaluated by the area under the curve (AUC), and the
DeLong test was performed to compare AUCs. More-
over, confusion matrices were plotted for models with
superior predictive performance, and 2 repeated 3-fold
cross-validation was performed for further evaluation.

Model interpretation

The application of machine learning techniques has tra-
ditionally been limited by challenges in interpreting their
results. SHAP, proposed by Lundberg et al., is a game-
theoretic approach that can be used to interpret machine
learning models [20]. Specifically, the importance of each
feature in the model can be ranked according to its SHAP
value, and the summary plots of SHAP values can visu-
ally reflect the influence of each feature parameter on the
results of the model’s prediction.

Statistical analysis

R Studio, Python based on Anaconda, and 3D Slicer were
used in this study. In R, PSM was performed using the
Matchlt library, as listed in Appendix A. The chi-squared
test or Fisher’s exact test was used to compare categori-
cal variables between two groups, and the t-test was used
to compare continuous numerical variables. p<0.05 was
considered statistically significant.

Results

Clinical characteristics

A total of 487 patients who underwent PELD for L4/5
disc herniation were recruited for this study. Based on
clinical information and imaging, 167 of these patients
developed rLDH. Patients with rLDH were further
screened for completeness of follow-up data, and 128
patients who met the inclusion criteria and had complete
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Fig. 3 Distribution of Propensity Scores

data were finally included. Table 1 lists the demographic
and clinical characteristics of the patients, with signifi-
cant differences in BMI, age, and weight between the
two groups (p<0.05). PSM was conducted to match the
nLDH group to the rLDH group in a 1:1 ratio, with 128
individuals in the nLDH group matched to patients in
the rLDH group. As anticipated, age, BMI, height, and
weight were comparable between the matched groups.
(Fig. 3; Table 2)

Radiomic features selection

A total of 1409 radiomics features were initially extracted
from lumbar MRI images. Among them, 1318 features
with ICC>0.75 were selected. Observer 1 performed
segmentation and radiomics extraction for all samples.
Next, the selected 1318 features were tested for between-
group differences using the t-test, and 140 features with
a p-value<0.05 were retained. Finally, the remaining
features were further filtered using the LASSO analysis.
Ten-fold cross-validation was used to select the optimal
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Table 2 After propensity score matching

Page 5 of 10

Table 3 The 18 features chosen for the radiomics model by

Non-rLDH rLDH p-value LASSO analysis

n 128 128 Image type Fea- Feature name LASSO
Group (%) ture coeffi-

0 128 (100) 000 <0001 class cient (B)

1 0(0) 128 (100) 1 original shape  Elongation -0.029618
Gender (%) 2 original shape  MinorAxisLength -0.011353

Female 43 (33.6) 48 (37.5) 0.601 3 exponential glszm  LargeAreaHighGraylLevelEm-  -0.033109

Male 85 (66.4) 80 (62.5) phasis
BMI (mean (SD)) 2555 (3.72) 2628 (3.23) 0.805 4 gradient glcm Correlation 0.032793
Height (mean (SD)) 167.46 (8.80) 168.32 (8.09) 0.732 5 gradient glem  MCC 0.055625
Weight (mean (SD)) 71.89(13.29) 74.66 (11.84) 0935 6 Ibp-2D gldm SmallDependenceEmphasis 0.020327
Age (mean (SD)) 5537 (16.36) 5943 (14.19) 0.888 7 lbp-2D glim  RunEntropy -0.034613
rLDH: recurrence of lumbar disc herniation 8 Ibp-2D glrlm  RunLengthNonUniformity 0.119266

9  square glem Idn 0.048664
tuning parameter (\) in the LASSO analysis, which was 10 square ngtdm  Strength 0.004756
found to be 0.023 (Fig. 4). Finally, 18 features were incor- 11 squareroot glem  Idmn 0.026030
porated into the radiomics models. (Table 3) 12 squareroot glem Idn 0.003533
13 wavelet-LHH first- Kurtosis -0.024043

Predictive model construction and evaluation order
The ROC curves, AUC, and 95% confidence intervals for ~ '# VaveletLHH glem — MCC _ -0006359
the six predictive models are illustrated in Fig. 5. Based '~ waveletLHH - glszm Gray!_evel\/anance 0048173
on the ROC curves and the results of the DeLong test, 16 waveletHLH erzt(;r Median 0050614
the RE, SVM, and XGB mode}s F)utperformecl‘ the KNN, 17 waveletHHL ngtdm Strength 0029183
NB, and LR models in predicting lumbar disc hernia- .~ o o 0001111
tion recurrence. Meanwhile, the specificity, sensitiv- HHH order

ity, Youden index, and cut-off value of the six predictive
models were also calculated. (Tables 4 and 5) Then, the
confusion matrices for RF, SVM, and XG Boost displayed
ideal prediction performance. (Fig. 6) Finally, repeated
3-fold cross-validation was carried out twice to evaluate
the performance of these three models and to prevent
over-fitting. (Table 6)
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Model interpretation

The SHAP summary plots for the RF, SVM, and XGB
models are delineated in Fig. 7. The radiomic features
were ranked in importance based on SHAP scores in the
corresponding model, with the top 5 features presented
in each figure. Each point in the figure represents an indi-
vidual observation of the corresponding feature. Higher
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Fig. 4 LASSO analysis. a. Ten-fold cross-validation was used to select the uning parameter (A) in the LASSO analysis. The y-axis correspond the binomial
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Table 4 Delong p-value of AUC
XGB KNN LR NB RF SVM

XGB 1 0.013 0.001 0.032 0.156 0.695
KNN 0.013 1 0.579 0.566 0.001 0.001
LR 0.001 0.579 1 0.283 0.000 0.000
NB 0.032 0.566 0.283 1 0.007 0.015
RF 0.156 0.001 0.000 0.007 1 0.754
SVM 0.695 0.001 0.000 0.015 0.754 1

XGB: XG Boost; KNN: K-nearest Neighbor; LR: Logistic Regression; NB: Naive Bayes; RF: Random Forest; SVM: Support Vector Machine

Table 5 Test cohort
Model type Specificity Sensitivity Youdenindex Cut-Off value

RF 0.889 0.683 0.572 0.525
SYM 0.917 0.683 0.600 0.638
XGB 0.722 0.878 0.600 0.337
LR 0.722 0463 0.185 0.486
KNN 0.889 0.293 0.182 0.569
NB 0.083 1 0.083 0

XGB: XG Boost; KNN: K-nearest Neighbor; LR: Logistic Regression; NB: Naive
Bayes; RF: Random Forest; SVM: Support Vector Machine

SHAP values for a feature indicate a higher risk of post-
operative recurrence. Red indicates high eigenvalues,
purple indicates eigenvalues close to the overall mean,
and blue indicates low eigenvalues.

Discussion

Relevant studies on the application of radiomics in the
field of LDH are limited. Gang Yu et al. retrospectively
categorized patients with LDH who had achieved a defi-
nite therapeutic effect into two groups according to the
treatment modality and constructed a nomogram-based
predictive model by extracting pre-treatment MRI data
of patients in the two groups through radiomics to pre-
dict the need for surgical intervention. The result sug-
gested that the radiomics-based nomogram had a high
predictive value for LDH treatment and could serve as a
reference for clinical decision-making [21]. At the same
time, Babak Saravi et al. incorporated features extracted
from radiomics techniques with general clinical data to

construct a predictive model of LDH surgical outcomes
and reported a minimal but detectable improvement
in predictive accuracy following the introduction of
radiomics features in the model [22]. These studies con-
jointly highlight the value of radiomics in the diagnosis
and treatment of LDH-related conditions.

This study investigated recurrence after percutaneous
endoscopic lumbar discectomy to construct a predic-
tive model for the risk of postoperative recurrence based
on radiomics and the preoperative lumbar spine MRI
data of patients with recurrent lumbar disc herniation
using various machine learning tools to assess the risk
of postoperative recurrence prior to percutaneous endo-
scopic lumbar discectomy and guide the formulation of
individualized surgical and postoperative management
strategies.

Herein, 1040 radiomic features were screened, yielding
18 features with a significant impact on predictive accu-
racy. While some of these features may be independently
associated with rLDH, it is challenging to rely on a single
feature for diagnosis [23]. Therefore, developing a multi-
feature model is a more robust approach [20]. Among the
selected 18 features, 3 were first-order features, 2 were
shape-based features, 6 were GLSZM, 2 were GLSZM, 2
were GLRLM, 2 were NGTDM, and 1 was GLDM [19].
This distribution signified that first-order and shape-
based features easily identified by the naked eye are sub-
optimal for predicting the recurrence of lumbar disc
herniation and should be combined with high-dimen-
sional features that are not easily identified by the naked
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Fig. 6 Confusion Matrix of SVM, RF and XGB (test cohort). a. confusion matrix of support vector machine model; b. confusion matrix of random forest; c.

confusion matrix of XG Boost

Table 6 The p-time and k-fold cross-validation accuracies (p=2,
k=13) of the three predictive models

Model XG Boost RF SVM
k-fold accuracy 0.709,0.706,0.682,  0.674,0.647,0.729,  0.791,
0.674,0.718,0.718  0.686,0.706,0.706  0.682,

0.718,

0.674,

0.765,

0.753

Average 0.701 0.691 0.731
Standard deviation  0.019 0.029 0.047

XGB: XG Boost; RF: Random Forest; SVM: Support Vector Machine

eye. Overall, the 18 quantitative radiomic features iden-
tified in this study can offer additional information from
lumbar disc herniation images.

Six predictive models were generated based on pre-
operative lumbar MRI images, and their AUC, specific-
ity, and sensitivity were determined. The results of the
Delong test exposed that the predictive performance of
XGB, RE, and SVM was significantly higher compared to
KNN, LR, and NB in the test set. Nevertheless, no sig-
nificant differences in AUC were noted between the
three high-performing models (Table 4, Fig. 5 and 6).
Two repeated 3-fold cross-validations for these models
unveiled that the SVM had the highest average accuracy
of 0.731, whereas the XGB model demonstrated superior
stability with a standard deviation of 0.019. (Table 6) To
increase the interpretability of the predictive models,
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Fig. 7 The summary plots for SHAP values. a. The SHAP value of RF; b. the SHAP value of SVM; c. the SHAP value of XGB. (RF: random forest model; SVM:

support vector machine model; XGB: XG Boost model)

SHAP analysis was performed to identify and depict the
five most important radiomic features of each model to
illustrate the mechanism by which these features influ-
ence predictive outcomes. (Fig. 7)

The Schulthess Klinik orthopedic team in Zurich,
Switzerland, developed a predictive model for surgi-
cal outcomes through correlation regression analysis of
factors such as baseline clinical data and postoperative
pain scores in patients undergoing conventional lumbar
decompression surgery. Notably, it can be used to predict
the prognosis of conventional decompression surgery for
lumbar disc herniation and to assist in clinical manage-
ment [24]. Our results suggested that radiomic-based
predictive models can be used as preoperative assess-
ment tools to assess the risk of recurrence in preoperative
patients, thereby informing clinical treatment decisions.

Regarding recurrence after PELD, Meng Kong et al.
proposed several methods to minimize the risk of recur-
rence for both surgeons and patients [18]. Based on our
study, we propose the following recommendations for
patients with a high risk of postoperative recurrence: For
surgeons: (1) The appropriate surgical strategy should be
developed preoperatively (Based on patient preference,
fusion internal fixation of the lesioned segment may be

considered; If only partial discectomy is performed, PEID
should be prioritized to facilitate reoperation in case of
recurrence); (2) More intensive preoperative examination
and intraoperative manipulation are required to ensure
complete excision of the herniated disc; (3) In younger
patients, consideration should be given to suturing the
annulus fibrosus. For patients, (1) The importance of life-
style modifications, such as weight loss, smoking cessa-
tion, and active glycemic control, should be emphasized;
(2) Maintaining proper spinal alignment by keeping back
straight and abdominal muscles engaged to maintain a
physiological curvature should be encouraged; (3) Mod-
erate exercise of low back muscles should be promoted in
the absence of significant discomfort after surgery.

Limitations

To begin, an in-depth analysis of subgroups (e.g., by age
group) was not performed due to the limited number
of rLDH patients. Future studies should be conducted
to optimize model performance. Secondly, in order to
enhance the sensitivity of the model for predicting the
risk of rLDH, this study exclusively enrolled patients with
rLDH experiencing severe symptoms who required reop-
eration, whilst patients with mild recurrence symptoms
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who were managed conservatively were excluded.
Thirdly, PELD typically comprises PEID and PETD, and
their effect on recurrence primarily involves intraop-
erative destruction of local structures, which is closely
related to the location of the herniated disc. Relevant
factors have been adjusted for during the extraction of
preoperative radiomic features. Nevertheless, individual
analyses of the effect of PEID and PETD were not con-
ducted in order to minimize internal confounders.

Conclusion

This study demonstrates that radiomic modeling based
on preoperative lumbar MRI images can effectively pre-
dict the risk of recurrence in patients undergoing per-
cutaneous endoscopic lumbar disc discectomy. Notably,
the use of advanced computational techniques allows for
the acquisition of detailed imaging features that cannot
be observed with the naked eye, contributing to a more
comprehensive preoperative assessment of the risk of
recurrence in minimally invasive surgeries and provid-
ing valuable insights for the development of surgical and
postoperative rehabilitation programs. This allows sur-
geons to identify patients at higher risk of recurrence and
make timely preoperative adjustments to the periopera-
tive management strategy, which may include consider-
ation of intraoperative suturing of the fibrous ring and
extending postoperative bed rest. While the accuracy of
this model warrants optimization, the incorporation of
additional patient data, MRI sequences, and CT images
may improve the accuracy of the model. Multicenter
studies are necessitated to improve the generalizability of
the model.
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