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ARTICLE INFO ABSTRACT
Keywords: Background: Risk stratification of spinal tumors is a major unmet clinical need for personalized therapy.
Diffusion weighted imaging Purpose: To explore the feasibility of pretreatment whole-lesion apparent diffusion coefficient (ADC) histogram in

Spinal tumor
Recurrence
Histogram analysis

predicting local recurrence of aggressive spinal tumors.

Methods: 119 aggressive spinal tumor patients (median age, 40; range, 13-74 years) confirmed by pathological
findings with a mean follow-up of 36 months were enrolled and divided into the recurrence and non-recurrence
group. The histogram metrics of whole-lesion, including the maximum, mean, kurtosis, skewness, entropy, and
percentiles (10th, 25th, 50th, 75th, 95th) ADC values, were evaluated and take the average. Fractal dimension
(FD) was assessed in the three orthogonal directions and take maximum. Clinical and general imaging features
were used to construct an alternative prognostic model for comparison. Variables with statistical differences
would be included in stepwise logistic regression analysis.

Results: As for the clinical model, Enneking staging (odds ratio [OR]: 3.572; P = 0.04) and vertebral compression
(OR: 4.302; P = 0.002) were independent predictors of recurrence. There was no statistical difference in FD
between the two groups (P = 0.623). Among the ADC histogram parameters compared, skewness, maximum, and
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mean ADC values were independent risk factors and constructed ADC histogram prediction models. The ADC
histogram model (AUC = 0.871) and the combined model (AUC = 0.884) performed better than the clinical
prediction model (AUC = 0.704) with P-values of 0.004 and 0.001, respectively.

Conclusion: Prediction models based on the ADC histogram analysis might represent serviceable instruments for

the aggressive spinal tumors.

1. Introduction

Primary bone tumors of the spine, though rare, might significantly
impact patients’ quality of life. Primary spinal tumors require careful
clinical management because of their close-proximity to important
neurovascular structures, yet they represent a difficult treatment para-
digm [1-3]. According to the World Health Organization classification
of bone tumors, aggressive tumors include intermediate (including
locally aggressive and rarely metastasizing) and malignant. Stratifica-
tion of recurrence risk in patients with aggressive spinal tumors may aid
clinical decision making to improve prognosis, which is a major unmet
clinical need [4]. Patients with a high risk of recurrence should be
treated with a more thorough surgical approach, and if feasible, adju-
vant therapy and closer postoperative follow-up should be considered.
Early prediction of relapse is expected to help reduce under-treatment or
over-treatment and improve patient outcomes through optimized deci-
sion making.

With its high tissue resolution and powerful functional imaging ca-
pabilities, MRI is an excellent preoperative tool to preoperatively eval-
uate spinal tumors. Diffusion-weighted imaging (DWI) and
corresponding quantitative apparent diffusion coefficient (ADC) maps
are commonly used functional imaging techniques, which can reveal the
microscopic changes to the cellular environment of tumors. Meanwhile,
quantitative approaches to tumor MRI using ADC histograms have
gained popularity, which have been shown to correspond to tumor
markers, resulting in improved diagnostic performance in the evaluation
of multiple tumors [5-8]. However, this approach has not yet been
studied in risk stratification of spinal tumors.

Previous studies have also shown that clinical features, such as age,
vertebral compression, multiple vertebral involvement, and Enneking
stage, might be associated with postoperative recurrence of spinal tu-
mors [9-12]. For quantitative evaluation of tumor morphology, fractal
analysis using fractal geometry is considered to describe the structures
of focal lesions, making it possible to modeled irregular tumor structures
[13]. Indeed, some studies have shown that fractal analysis can be used
to identify focal lesions, including but not limited to cardiomyopathy,
pancreatic ductal adenocarcinoma, gastrointestinal tumors [14-17]. To
the best of our knowledge, whether fractal dimensions contribute to the
recurrence prediction of spinal tumors has not been studied.

Consequently, this study aimed to evaluate the utility of clinical
factors combined with potential quantitative MRI biomarkers (fractal
analysis and volumetric ADC histograms) to characterize primary
aggressive spinal tumors.

2. Materials and methods
2.1. Selection of patients

This retrospective study from two institutions was approved by the
Ethics review board and informed consent was waived (M2023827). The
study was carried out following the tenets of the Declaration of Helsinki.

Medical records of 297 patients with localized primary spinal tumors
who attended our institution from September 2010 to June 2022 were
identified. Among them, 178 patients were excluded because (1)
Treatments were performed before preoperative MRI (n = 75); (2) short-
term follow-up (<24 months) (n = 53); (3) no DWI or enhanced scan-
ning (n = 45), and (4) severe artifacts in the ADC map (n = 5). Finally,
119 patients with localized primary spinal tumors were enrolled as the

study cohort. Fig. 1 details the inclusion and exclusion criteria.

2.2. Postoperative follow-up and clinical outcome

Data regarding the disease course of the patients with spinal tumors
were collected from their medical records. All patients followed the
standardized clinical follow-up guidelines after spinal tumor surgery,
which was conducted every 3 months for the first 2 years, every 6
months for 3-5 years, and annually after 5 years, including CT and MRI
scans. Final follow-up occurred on the 30th of June 2024. Imaging (CT,
MR, or positron emission tomography) and/or tissue biopsy were used
to confirm local recurrence within the follow-up period. Patients with no
evidence of recurrence during the follow-up period (at least 24 months)
were classified into the no-recurrence group.

2.3. MRI protocols

Two 3.0T scanners (GE Discovery 750WS; GE Signa HDxt) used
body-phased array coils to carry out the MRI examinations at two in-
stitutions. We obtained the following pulse sequences: T2-weighted fat-
saturation fast-recovery fast spin echo; T1 and T2-weighted gradient
echo; and DWI sequences (b0 together with various gradients chosen
from 50, 200, 400, 600, 800, 1000, 1200 and 1500 s/mm?). For the
lesions, contrast enhanced-MRI was carried out using a three-
dimensional volume interpolated breath-hold examination transverse
scan. Gadopentetate dimeglumine, as the contrast agent, was adminis-
tered at 0.1 mmol/kg (flow rate of 2 ml/s) using an Ulrich power
injector. A senior technician (G.Z.) verified the scanning parameters and
image quality. The overall scanning time (including routine scan
sequence; DWI; Enhanced scanning) was ranged from 24 min 30 s to 27
min. The variation in the number of layers required was contingent upon
the size of the tumor.

2.4. Pathological and routine imaging characteristics

Pathological and routine imaging characteristics were evaluated by
two trained observers (K.L.&W.Z.). During curative resection, surgical
specimens were obtained from all enrolled patients, which were used for
histopathological evaluation. Enneking staging was extracted from pa-
tient data and divided into two stages (Intra-compartmental / Extra-
compartmental) [18]. The general imaging features of spinal tumor le-
sions included tumor location, vertebral compression, and multi-
vertebral involvement, were recorded follow the routine diagnostic
procedure.

2.5. Fractal dimension analysis

Fractal analysis applies nontraditional mathematics to patterns that
are difficult to comprehend using traditional Euclidean concepts. The
fractal dimension (FD) is calculated using the box-counting algorithm,
which represents the complexity or roughness of a binary mask surface
[19]. The FracLac version 2.5 plugin of ImageJ (NIH, Bethesda, MD,
USA), downloaded from https://imagej.nih.gov/ij/plugins/fracla
c¢/FLHelp/Images.htm, was used for FD analysis.

The FD can be obtained mathematically using:
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where € is a box size and N(€) is the number of counted boxes. The
measurement was performed manually by two junior radiologists (Q.
W.&Y.C.) and 8-bit binary images were converted and generated for FD
determination. Take the maximum value after measuring in three
orthogonal directions. Slice selection and delineation of the region of
interest were supervised by a senior radiologist (N.L.). Finally, the two
radiologists’ measurements were averaged as the fractal dimension of
tumor. The image processing applied to each case to analyze tumor
heterogeneity is shown in Fig. 1.

2.6. ADC histogram analysis

ADC maps were generated generation using a mono-exponential
decay model in a post-processing console (Advantage Windows). Two
radiologists (Q.W.&Y.C.) with five years of experience in musculoskel-
etal imaging carried out the ADC Histogram analysis. Whole lesion re-
gions of interest were manually drawn along the tumour border layer by
layer on the ADC (b = 1500 s/mm?) map using Firevoxel (FireVoxel
medical image processing, https://www.FireVoxel.org). In the process
of annotation, TIWI, T2WI and CE-MRI images can be referenced
simultaneously to ensure the accuracy of sketching as much as possible.
Then, the following histogram features were extracted automatically:
skewness, kurtosis, and entropy, max-ADC, mean-ADC, 10th percentile,
25th percentile, 50th percentile, 75th percentile, and 90th percentile of
the ADC, expressed as 10~® mm?/s. ADC quantifies the diffusivity of
water molecules within tissues, serving as a crucial biomarker for tumor
characterization. Lower ADC values generally indicate restricted diffu-
sion, which is often associated with increased cellular density and ma-
lignancy. Skewness describes the asymmetry of the ADC value
distribution, where a positive skew suggests a rightward tail, and a
negative skew indicates a leftward tail, potentially reflecting variations
in tumor composition. Kurtosis measures the sharpness of the ADC dis-
tribution peak, with higher kurtosis values suggesting a more hetero-
geneous tissue microstructure, which may correlate with tumor
aggressiveness. Entropy quantifies the complexity and heterogeneity of
the ADC distribution, with higher entropy values indicative of a more
disordered and heterogeneous tumor microenvironment. These radio-
mic features provide valuable insights into the structural and patho-
logical characteristics of spinal tumors, aiding in their differentiation
and prognostication. Fig. 1 depicts the study workflow, with example
delineations.
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2.7. Statistical analysis

MedCalc Statistical software (Version 16.8) and GraphPad Prism
software (Version 10.1.2) were used to carry out all the statistical ana-
lyses. The Shapiro-Wilk test was used to check data distribution. Man-
n-Whitney’s U tests (for continuous variables) and the chi-squared test
(for categorical variables) were used to compare the parameters and
characteristics of the recurrence and non-recurrence groups. Interob-
server agreement was evaluated by intraclass correlation coefficient
(ICC): excellent, 0.81-1.00; moderate, 0.61-0.80; fair, 0.21-0.40; poor,
0-0.20. Clinical characteristics and ADC histogram parameters with P <
0.1 were included in the logistic regression analysis using forward linear
regression. Receiver operating characteristic curves (ROC) were used to
evaluate the diagnostic performances of different risk stratification
methods. The area under the curve (AUC) were calculated and compared
by DeLong test. Statistical significance was considered at P < 0.05 (two-
tailed).

3. Results
3.1. Patients’ characteristics

The 119 patients with aggressive spinal tumors met the inclusion
criteria (median age: 40 years, range: 13-74 years. Pathological types
include chordoma (n = 40), giant cell tumor of bone (n = 30), chon-
drosarcoma (n = 21), osteoblastoma (n = 8), osteosarcoma (n = 8),
Ewing’s sarcoma (n = 4), hemangiosarcoma (n = 5), and other rare
sarcoma types (n = 3). In the study cohort, 27 (22.7 %) cases of recur-
rence were observed during a mean follow-up period of 36.0 months
(range = 28.5-56 months). The characteristics of patients are shown in
Table 1.

3.2. Group differences

Table 2 shows the comparison of pretreatment characteristics be-
tween the recurrence and non-recurrence groups. Univariate analysis
showed that the no differences were observed for age, gender, Enneking
stage, and multi-vertebral involvement. The FD in the recurrence group
was slightly larger than the recurrence group without statistical differ-
ence (recurrence, median = 1.30; range 1.01-1.63 vs. non-recurrence,
median = 1.32, range 1.06-1.50, P = 0.623). Among the ADC histo-
gram parameters compared, skewness (P = 0.019) and kurtosis (P =
0.003) were significantly different between the recurrence and non-
recurrence groups. No significant differences were detected for
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Fig. 1. The workflow of the study.
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Table 1
Clinical and pathological characteristics of patients in study cohorts.
Characteristics Total
(N =119)
Gender
Male 67 (56.3 %)
Female 52 (43.7 %)

Age at surgery

Median (IQR) 40 (27.0 - 55.0)

Location

Cervical 16 (13.4 %)
Thoracic 45 (37.8 %)
Lumbar 27 (22.7 %)
Sacrococcygeal 31 (26.1 %)
Enneking stage

Intra-compartmental
Extra-compartmental
Vertebral compression

33 (27.7 %)
86 (72.3 %)

No 80 (67.2 %)
Yes 39 (32.8 %)
Multi-vertebral involvement

No 60 (50.4 %)
Yes 59 (49.6 %)
Recurrence

No 92 (77.3 %)
Yes 27 (22.7 %)

Follow-up time (month)

Median (IQR) 36 (28.5 - 56.0)

Note: IQR, inter-quartile range. Percentages in parentheses represent
the proportion of the entire cohort.

Table 2

Differences in the recurrence and non-recurrence groups.
Characteristics Non-recurrence Recurrence P value

(N =92) (N =27)
Age (IQR) 42.5 37 0.166
(27.0-55.0) (24.25-45.75)

Gender (Female) 53 (57.6 %) 14 (51.9 %) 0.598
Location 0.599
Cervical 15 (16.3 %) 1 (3.7 %)
Thoracic 31 (33.7 %) 14 (51.6 %)
Lumbar 23 (25.0 %) 4 (14.8 %)
Sacrococcygeal 23 (25.0 %) 8(29.6 %)
Enneking stage (Extra) 63 (68.5 %) 23 (85.2 %) 0.090
Vertebral compression 24 (26.1 %) 15 (55.56 %) 0.004*
Multi-vertebral involvement 43 (46.7 %) 16 (59.3 %) 0.256
Fractal Dimension 1.30 1.32 0.623
Skewness —0.485 —0.250 0.019*
Kurtosis 3.34 5.09 0.003*
Entropy 3.29 3.38 0.167
Max-ADC 2482 2119 0.003*
Mean-ADC 1374 1012 <0.0001*
Percentage of the ADC
10 % ADC 1175 1135 0.628
25 % ADC 1290 1246 0.374
50 % ADC 1559 1393 0.002*
75 % ADC 1950 1744 0.002*
90 % ADC 2187 1999 0.069

Note: Percentages in parentheses represent the proportion of each cohort. ADC,
apparent diffusion coefficient, expressed as 10~® mm?/s; *Significant difference
atp < 0.05.

entropy. For the parameters of the different percentiles of the ADC
compared, the max, mean, 50 % and 75 % percentiles ADC values
significantly differed between the two groups. Fig. 2 shows the com-
parison of preoperative whole-tumor ADC histogram parameters be-
tween recurrence and non-recurrence groups.

3.3. Interobserver agreement

The interobserver agreement was moderate to excellent for fractal
dimension and all ADC histogram parameters measured by 2
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radiologists, with ICCs ranged from 0.777 to 0.985 (Table 3).
3.4. Performance of significant ADC histogram metrics and cut-off values

For parameters with statistical differences between the two groups,
the AUC ranged from 0.648 to 0.829. Skewness and Kurtosis showed
good specificity (0.826 and 0.946, respectively) but insufficient sensi-
tivity (0.444 and 0.370, respectively). Mean-ADC was the best diag-
nostic parameter with a Youden index of 0.506, sensitivity of 0.593 and
specificity of 0.913. Detailed cutoff values, Youden index, sensitivity
and specificity are given in Table 4.

3.5. Diagnostic performance of different risk stratification methods

Logistic regression of histogram parameters showed that skewness,
max and mean ADC values were an independent risk factor for recur-
rence. Detailed results are shown in Table 5. The AUC of the ADC his-
togram prediction model was 0.871 (95 %CI: 0.797-0.925). As for the
clinical model, Enneking staging (OR: 3.572; 95 %CIL: 1.061-12.03; P =
0.04) and vertebral compression (OR: 4.302; 95 %CI: 1.688-10.961; P =
0.002) derived from routine imaging were independent predictors of
recurrence. The AUC of the clinical prediction model was 0.704 (95 %CI:
0.614-0.784). Logistic regression of all variables showed that the
Enneking stage, mean and 50 % ADC values were independent risk
factors. The AUC of the combined prediction model was 0.884 (95 %CI:
0.813-0.935). Through the DeLong test, the AUC of the established ADC
histogram and combined models was significantly greater than that of
the clinical prediction model (Fig. 3) with P-values of 0.004 and 0.001,
respectively. The AUC between the clinical prediction model and the
ADC histogram model was not statistically different (P = 0.606). Two
couples of patient cases are shown in Figs. 4 and 5.

4. Discussion

This study showed that the ADC histogram analysis based on pre-
treatment DWI has incremental prognostic value in aggressive spine
tumors. Skewness, maximum, and mean ADC value of the ADC histo-
gram were an independent risk factor for recurrence. The performance
of the ADC histogram model combining these quantitative parameters
was significantly improved compared with the clinical model (P = 0.871
vs. 0.704, P < 0.05).

The treatment of primary spine tumors is a complex and challenging
task. The combination of the low prevalence, the complexity of preop-
erative decision-making, and the demanding surgical procedures
emphasize the importance of precise and accurate prediction of the risk
of recurrence, which could pave the way for future personalized follow-
up treatment and help to select appropriate treatment options for pa-
tients. However, prognostic tools for recurrence prediction in primary
spinal tumors remain unresolved. Preoperative MR Imaging plays an
important role in the evaluation of tumor heterogeneity. Preoperative
fractal dimension analysis had been used for the diagnosis and person-
alized evaluation of the tumor, such as in gastrointestinal stromal tu-
mors [17], prostate cancer [20,21], and brain tumors [22]. Increased FD
was frequently associated with increased tumor aggressiveness or poor
prognosis. In this study, the difference in FD between recurrence and
non-recurrence groups was not significant, which may be due to irreg-
ularities in the inherent structure of the spine, such as the pedicle and
appendages.

To create meaningful reference tools, promising progress in tumor
risk stratification has been made via the use of DWI/ADC in recent years
[23,24]. Functional and microscopic differences in the composition of
the tumor lesion might be relevant to the development of cancer treat-
ment strategies, as reflected in changes in morphology, histogram shape,
and asymmetry. In this study, we found that there was significant dif-
ference in skewness between relapse group and non-recurrence group
significant differences, which suggested that ADC distribution is more
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Fig. 2. Box plots showing the distribution of (a) Max ADC, (b) Mean ADC, (c) Skewness, (d) Kurtosis, (e) Entropy, (f) 10 % ADC, (g) 25 % ADC, (h) 50 % ADC, (i) 75
% ADC, and (j) 90 % ADC values between recurrence (n = 27) and non-recurrence (n = 92) groups. P-values indicate the significance of differences between groups

for each parameter (*, P < 0.05).

Table 3
Interobserver agreement (ICC) for parameter of fractal and ADC histogram
analysis.

Parameter (¢} 95 % Confidence Interval
Fractal Dimension 0.821 0.757-0.869
Skewness 0.985 0.978-0.989
Kurtosis 0.980 0.972-0.986
Entropy 0.777 0.713-0.829
Max-ADC 0.891 0.852-0.921
Mean-ADC 0.973 0.962-0.981
Percentage of the ADC

10th 0.823 0.756-0.872
25th 0.801 0.737-0.851
50th 0.898 0.859-0.926
75th 0.823 0.756-0.872
90th 0.814 0.771-0.849

Note: ADC, apparent diffusion coefficient, expressed as 10~® mm?/s.

asymmetric in patients with high risk of recurrence. Previous studies
also demonstrated that skewness was a reliable heterogeneity marker in
various solid tumors, such as glioblastomas and gliomas [25], pancreatic
adenocarcinoma [26], neuroendocrine tumors and endometrial cancer
[27], and serous ovarian cancer [28].

In tumors, ADC histograms frequently exhibit non-normal distribu-
tions as a result of necrotic, fibrotic, or edematous regions. Utilizing
fixed percentiles provides a standardized approach across various tumor

types and mitigates distortions in highly skewed distributions [29]. The
results of our study show that among the ADC histogram indicators
evaluated between the recurrence and non-recurrence groups, the mean
value, maximum value, 50th and 75th percentiles showed significant
differences between the groups. The observed negative correlation be-
tween cell density and ADC suggests that tumors with a higher cell
density may have an increased risk of postoperative recurrence. This
finding was consistent with the findings in prostate cancer and glio-
blastoma, in which decreased survival [30] and greater aggressiveness
[31] correlated with lower pretreatment ADC. Among them, the mean
ADC has the best diagnostic performance, and mean ADC < 1048 x 1073
mm?/s can be used to predict recurrence. This is a parameter that can be
easily and directly obtained in clinical work and picture archiving and
communication system, which may represent a promising application of
ADC parameters as a non-invasive “histological” method. Our study also
performed a robustness test which suggesting the reproducibility of ADC
histogram indicators [32-34].

This study had some limitations. First, selection bias could have been
introduced because of its two-center, retrospective nature and small
sample size. There are currently no large-scale public data sets for pri-
mary tumors of the spine, which is a direction that needs further effort.
Second, our approach was to compute 2D-FD values for each MRI slice
instead of 3D values. Third, we utilized different MRI scanners because
of the relatively long study period, which might have had an impact on
the values of the ADC parameters, but was not expected to introduce a

Table 4

Diagnostic performance of significant ADC histogram metrics with cut-off values.
Parameters Cut-off value Youden Index Sensitivity (%) Specificity (%) AUC (95 % CI) P
Skewness >-0.17 0.271 44.44 82.61 0.648 (0.556 — 0.733) 0.014
Kurtosis >6.91 0.316 37.04 94.57 0.688 (0.596 — 0.769) 0.003
Max-ADC <2442 0.347 81.48 53.26 0.686 (0.594 — 0.768) 0.001
Mean-ADC <1048 0.506 59.26 91.30 0.829 (0.749 - 0.892) <0.0001
50 %ADC <1442 0.426 74.07 68.48 0.695 (0.604 — 0.776) 0.001
75 %ADC <1848 0.415 74.07 67.39 0.696 (0.605 — 0.777) 0.001

Note: ADC, apparent diffusion coefficient, expressed as 107® mm?/s; CI, Confidence interval.
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Table 5
Prediction models with clinical and ADC histogram parameters.
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Clinical Prediction Model ADC histogram Prediction Model Combined Prediction Model

Parameters OR 95 % CI P value Parameters OR 95 % CI P value Parameters OR 95 % CI P value

Enneking stage 3.572 1.061-12.030 0.040* Skewness 6.597 1.187-36.671 0.031 Enneking stage ~ 8.469 2.100-34.153 0.003

Vertebral compression ~ 4.302 1.688—10.961 0.002* Mean ADC 0.996  0.992-0.998 0.0004 Mean ADC 0.994 0.991-0.997 0.0001
50 % ADC 0.996  0.993-0.999 0.012 50 % ADC 0.996 0.992-0.999 0.008

Note: FD, fractal dimension; PCT, percentage; ADC, apparent diffusion coefficient; OR, odds ratio; CI, confidence interval.
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Fig. 3. Receiver operating characteristic curves of the characteristics and three prediction models for postoperative recurrence prediction. ADC, apparent diffusion

coefficient; AUC, the area under the curve.
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Fig. 4. MRI images of two cases with pathologically confirmed chordoma. (a-e) A 49-year-old male, and no recurrence was observed after 5 years of follow-up; (f-j) A
43-year-old male, was diagnosed with tumor recurrence 11 months after surgery. The FD and mean ADC of the shown layer are listed. Compared to FD, ADC values

showed a more noticeable decrease. FD, fractal dimension; ADC, apparent diffusion coefficient.
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Fig. 5. MRI images of two cases with pathologically confirmed giant cell tumor of bone. (a-e) A 29-year-old male, no recurrence was found at 30 months follow-up;
(f-j) A 23-year-old male, tumor recurrence was confirmed 5 months after surgery. The FD and mean ADC of the shown layer are listed. Compared to FD, ADC values
showed a more noticeable decrease. FD, fractal dimension; ADC, apparent diffusion coefficient.

major bias. In addition, skewness does not depend on sequence specifics
and field strength [35]. Forth, our objective was to assess the feasibility
of using presurgical features to predict spinal tumor recurrence, focusing
on radiographic parameters, which did not include some clinical ex-
aminations or specific treatments. Lastly, although the concept of using
ADC histogram model to obtain immediate and noninvasive preopera-
tive prediction of spinal tumor recurrence according to routine clinical
settings is appealing, further investigations should focus on larger-sized
cohorts and clinical trials.

5. Conclusion

Our findings indicate that quantitative ADC parameters, including
skewness, mean, and 50th percentiles of the ADC, should be emphasized
in the risk stratification of patients with primary spinal tumors. By
comparing the diagnostic performance, the ADC histogram model per-
formed better than the clinical model and can effectively predicted
postoperative recurrence. Future individualized follow-up protocols
may benefit from incorporating the ADC histogram prediction model,
allowing for better selection of patients with aggressive primary spinal
tumors for appropriate clinical interventions.
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