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This pilot study investigates the construction of an Adaptive Neuro‐Fuzzy Inference System

(ANFIS) for the prediction of the survival time of patients with glioblastoma multiforme (GBM).

ANFIS is trained by the pharmacokinetic (PK) parameters estimated by the model selection (MS)

technique in dynamic contrast enhanced‐magnetic resonance imaging (DCE‐MRI) data analysis,

and patient age. DCE‐MRI investigations of 33 treatment‐naïve patients with GBM were studied.

Using the modified Tofts model and MS technique, the following physiologically nested models

were constructed: Model 1, no vascular leakage (normal tissue); Model 2, leakage without efflux;

Model 3, leakage with bidirectional exchange (influx and efflux). For each patient, the PK parame-

ters of the three models were estimated as follows: blood plasma volume (vp) for Model 1; vp and

volume transfer constant (Ktrans) for Model 2; vp, K
trans and rate constant (kep) for Model 3. Using

Cox regression analysis, the best combination of the estimated PK parameters, together with

patient age, was identified for the design and training of ANFIS. A K‐fold cross‐validation (K = 33)

technique was employed for training, testing and optimization of ANFIS. Given the survival time

distribution, three classes of survival were determined and a confusion matrix for the correct

classification fraction (CCF) of the trained ANFIS was estimated as an accuracy index of ANFIS's

performance. Patient age, kep and ve (K
trans/kep) of Model 3, and Ktrans of Model 2, were found to

be the most effective parameters for training ANFIS. The CCF of the trained ANFIS was 84.8%.

High diagonal elements of the confusion matrix (81.8%, 90.1% and 81.8% for Class 1, Class 2 and

Class 3, respectively), with low off‐diagonal elements, strongly confirmed the robustness and high

performance of the trained ANFIS for predicting the three survival classes. This study confirms that

DCE‐MRI PK analysis, combined with the MS technique and ANFIS, allows the construction of a

DCE‐MRI‐based fuzzy integrated predictor for the prediction of the survival of patients with GBM.
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1 | INTRODUCTION

Glioblastoma multiforme (GBM) is one of the most heterogeneous and aggressive tumors with a short survival time average of 12–14 months.1-3

The prediction of the survival time in patients with GBM can help clinicians choose an appropriate plan of treatment for a particular patient.4,5

Recent studies have suggested different approaches for the analysis and prediction of the survival time for patients with GBM.1,6-9 The prediction
M, adaptive model; ANFIS, Adaptive Neuro‐Fuzzy Inference System; ANN, adaptive neural network; BBB, blood–
classification fraction; DCE‐MRI, dynamic contrast enhanced‐magnetic resonance imaging; DESPOT1, driven

xtravascular extracellular space; FIS, fuzzy inference system; GBM, glioblastoma multiforme; HR, hazard ratio;

erformance score; LLR, log‐likelihood ratio; MLE, maximum likelihood estimation; PK, pharmacokinetic; rCBV,

square error; SPGR, spoiled gradient recalled echo
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of survival time for patients with GBM has been investigated in the literature based on different imaging methods and available clinical information,

such as molecular physiologic biomarkers, tumor cell ploidy, percent S‐phase,1 DNA index, p53 and Ki‐67 labeling index,1 Karnofsky performance

score (KPS),10,11 extent of surgery,6,11,12 genomics,13 patient age,1,6,11,13 sex,1,6,11 relative cerebral blood volume (rCBV)6,7,12,14,15 and volume

transfer constant (Ktrans).12,15,16 Indeed, an accurate estimation of survival time requires the incorporation of a series of abundant information, such

as the patient's metabolism, tumor physiology, life style, etc. However, although obtaining more information with regard to the patient can be

useful for a prediction of their survival time, more complicated and extensive models and calculations may be required to make it practical and

useful. Thus, the prediction of the patient survival time from a less complicated model that recruits available information, as well as fewer param-

eters generated from noninvasive imaging tools, would be beneficial and more practical. The prognostic value of MRI parameters, such as

perfusion6,7,12,14,15,17 and vascular permeability parameters, and their capabilities for survival prediction have been studied by different research

groups.2,12,15,18,19 Amongst the various imaging techniques, dynamic contrast enhanced‐magnetic resonance imaging (DCE‐MRI) provides useful

information with regard to tumor physiology that can be used for tumor characterization.13,15-17 Therefore, pharmacokinetic (PK) parameters

estimated by DCE‐MRI can provide useful information for survival time predictors, and can be considered as potential candidates for use in

perfecting a predictor of survival time in patients with GBM.

Recent studies have shown that adaptive predictors can robustly find and extract relationships between biomarkers and survival time in

patients with cancer.5,20 Artificial intelligence and the family of adaptive models (AMs) have been widely used in the field of biomedical science

for the modeling of medical prognosis and patient survival time prediction.20-22 The Adaptive Neuro‐Fuzzy Inference System (ANFIS),23,24 which

is a combination of an adaptive neural network (ANN) and a fuzzy inference system (FIS), can discover and model different classes of data trends,

as well as catching subtle patterns from experimental data.20 Conventional statistical methods, such as the Cox proportional hazard model,1,2,6,15

log‐rank test6,7,15 and Kaplan–Meier curves,6,7,15 have been shown to be the most useful methods for the investigation of the effect of different

parameters on patient survival time. This pilot study combines a model selection technique25,26 in DCE‐MRI data and Cox regression analysis to

train an ANFIS to predict the survival time in patients with GBM.
2 | EXPERIMENTAL DETAILS

2.1 | Patient population and imaging

Thirty‐three treatment‐naïve patients (average age, 55.6 ± 20.0 years; range, 18–92 years; 21 women, 12 men) with DCE‐MRI studies were retrospec-

tively identified and used in this study. As shown inTable 1, all the patients were biopsied and their GBM tumors were identified as grade IV.

A 3‐T GE Excite HD MR system (GE Healthcare, Waukesha, WI, USA) was used to acquire DCE‐T1 studies of all patients. Prior to the admin-

istration of contrast agent (CA, Magnevist), a driven equilibrium single pulse observation of T1 (DESPOT1) with variable flip angle (TE/TR ~ 0.84/

5.8 ms; matrix, 256 × 256; field of view, 240 mm2; 16 5‐mm slices; no gap; flip angles θ of 2°, 5°, 10°, 15°, 20° and 25°) was acquired to determine

the pre‐contrast T1. A three‐dimensional DCE‐T1 spoiled gradient recalled echo (SPGR) sequence was performed using the following parameters:

70 image phases; a temporal resolution of 5.035 s; flip angle of 20°; TE/TR ~ 0.84/5.8 ms; matrix of 256 × 256; field of view of 240 mm2; 16 5‐mm

slices with no gap.

2.2 | PK analysis and observation equation

PK modeling in the DCE‐MRI technique has a wide application in the quantification of vascular permeability parameters in different tumor

types.27,28 The modified Tofts equation29 is a two‐compartment model with the following compartments: vascular and extracellular space. The

modified Tofts equation describes the distribution of CA concentration between the two compartments29:

Ct tð Þ¼ Ktrans∫
t
0e

–kep t–τð ÞCp τð Þdτ þ vpCp tð Þ (1)

In this equation, vp is the blood plasma volume, Ktrans is the volume transfer constant between the blood plasma and extracellular space, kep is

the rate constant between the extracellular space and blood plasma, and Cp(t) and Ct(t) are the CA concentrations in arterial blood plasma and
TABLE 1 Summarized demographic information of the patients with glioblastoma multiforme (GBM) in each class

Patient
class

No. Of
patients Tumor

Age (years) Sex

Treatment

Survival time (days)

Mean ± SD Range Female Male Mean ± SD Range

Class 1 11 GBM 74.3 ± 17.1 52–92 8 3 Untreated 133 ± 50 70–173

Class 2 11 GBM 55.3 ± 9.7 41–67 6 5 Untreated 406 ± 158 210–717

Class 3 11 GBM 37.4 ± 12.4 18–58 7 4 Untreated 1299 ± 672 835–2312

Total 33 GBM 55.6 ± 20.0 18–92 21 12 Untreated 613 ± 632 70–2320

SD, standard deviation.
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tissue, respectively.29 The ratio of the volume transfer constant to the rate constant defines the extravascular extracellular space (EES or ve = Ktrans/

kep).
29 In DCE‐MRI analysis, model selection is a crucial step for the selection of the most appropriate PK model to describe the variation of the time

trace of CA concentration in each voxel. Different physiological conditions of the underlying tissue pathology dictate the order and variation of

nested models25,26 that are constructed from the modified Tofts model with different PK parameters as follows: 1 Model 1 refers to normal tissue

in which there is no evidence of CA leakage; thus, vp is the only measurable PK parameter; 2 Model 2 refers to the state in which the vascular com-

partment is filled with CA and there is CA leakage to the EES compartment with no back flux to the vascular compartment; thus, vp and Ktrans are

the only two measurable parameters for this model; 3 Model 3 refers to the state in which back flux can occur for Model 2 and all three PK

parameters (vp, K
trans and kep) can be measured.25,26 As the conditions of Model 3 cannot be true without the conditions of Model 2 first being true,

Model 2 cannot be true without Model 1 first being true, and Model 1 cannot be allowed unless there is a detectable level of vascular filling. Thus,

this system forms a set of models that are statistically and physiologically nested.25

In theTofts equation, it is assumed that the change in the longitudinal relaxation rate of the tissue, ΔR1 (R1 = 1/T1), is proportional to the tissue

CA concentration (Ct(t)). Thus, Equation 2, which is called an observation equation, can be constructed from Equation 1 as follows8,14:

1–Hctð ÞΔR1t tð Þ¼ Ktrans∫
t
0e

–kep t–τð ÞΔR1a τð Þdτ þ vpΔR1a tð Þ (2)

where R1a is the longitudinal relaxation rate of the artery, R1t is the longitudinal relaxation rate of the tissue and Δ refers to the subtraction of pre‐

and post‐R1 values. Hct is the hematocrit ratio and is considered to be 0.45. In this study, the ΔR1 profile was constructed for each voxel by

recruiting pre‐contrast T1 and using an analytical approach.25 Then, the time trace of the CA concentration (which is assumed to be proportional

to ΔR1) was used to identify an arterial input function (AIF ~ ΔR1a) as follows: for each patient, a ΔR1 profile with a higher and sharper peak,

and a smooth exponential washout, was selected as AIF. The chosen AIF profile was normalized to the area under the CA concentration profile

of a normal region (selected from the white matter area) to achieve a plasma volume of 1%.25,26 Therefore, the estimated plasma volumes for

Models 1, 2 and 3 are all relative to the white matter plasma volume (which was set to ~1%).25,26

2.3 | PK parameter estimation and model selection

Our group has recently shown that the maximum likelihood estimation (MLE) technique, which is a robust and fast technique, can be employed in

DCE‐MRI data analysis for the estimation of PK parameters.30

The MLE technique retrieves and recruits the information content of the data and also provides an estimate from the variance–covariance

matrix.31 Using the modified Tofts equation, and the selected AIF, three physiologically nested models (Models 1, 2 and 3) were formulated and

their PK parameters were estimated by the MLE technique. Then, a measure of the log‐likelihood ratio (LLR)32 was used for PK model selection.

2.3.1 | Model selection technique

LLR was calculated for each set of parameters associated with the three different models. Then, for each voxel, using Equation 3, a null hypothesis

test was employed to choose the best model explaining the variation of the data32:

LLR ¼ –2× ln
Ls
Lg

� �
¼ –2 ln Lsð Þ þ 2 ln Lgð Þ (3)

where Ls and Lg denote the likelihood functions for models with lower and higher orders, respectively. A series of pair‐wise and nested (Model 1

versus Model 2, Model 2 versusModel 3) hypotheses was tested in order to choose the valid model for the particular voxel.25,26,33 As LLR uses the

chi‐squared distribution for a given confidence level (95% corresponds to α = 0.05), chi‐squared values were calculated from the chi‐squared dis-

tribution tables. Then, the PK parameters for the chosen model were identified and used as the vascular permeability parameters for the particular

voxel. The estimated parameters for each model were averaged across the tumor volume (the initial boundaries of the tumors in each slice were

determined by an expert radiologist) and used as the PK parameters for each patient in the statistical analysis phase of the study.

2.4 | Statistical analysis, cox regression

The PK parameters estimated for different models, together with patient age, were used as the input for the Cox regression analysis.34,35 Cox

regression analysis was performed at a confidence level of 95% to identify those features that can best explain the variation in survival time,

and provides the most accurate prediction of this variable. All statistical analyses were performed in SPSS software.36 The survival time was cal-

culated from the time of diagnosis to the event of death. The effectiveness of the parameters used with regard to the survival time was ranked

according to their hazard ratios (HRs) and significance level.35,37

2.5 | Adaptive neuro‐fuzzy inference system (ANFIS)

The following five parameters with p values of less than 0.05 from the Cox regression analysis were identified as effective parameters with regard

to the survival time of patients with GBM: age, Ktrans, kep and ve of Model 3 and Ktrans of Model 2. As ve is calculated from the ratio of the two



4 of 12 DEHKORDI ET AL.
transfer constants (Ktrans and kep of Model 3), two of the three parameters (ve, K
trans and kep) can be used as independent parameters. Therefore, to

avoid information redundancy, one of these parameters must be excluded from the training vector. To find the optimal set of parameters that gen-

erates the highest predictive value for survival prediction, ANFIS with the training vectors constructed from the three possible combination feature

sets was trained and evaluated. Then, by excluding Ktrans of Model 3, the following four parameters were used to generate 15 possible

combinations of training vectors: age, kep and ve of Model 3 and Ktrans of Model 2. These 15 training vectors were assumed to have potential pre-

dictive values for the prediction of the survival time, and were used to construct 15 different ANFISs.23 Fifteen different ANFIS architectures were

constructed according to the input training vectors and each ANFIS structure was represented by Sugeno fuzzy models based on the ‘if then’

rules.38 A hybrid algorithm, a combination between gradient descent and least‐squares method, was used as the learning algorithm of each

ANFIS.23,38 The ANN section of each ANIFS adaptively estimated and modeled its fuzzy parameters.23,38 The best ANFIS structure (producing a

maximum performance of 84.8%) used in this study is shown in Figure 1. This figure illustrates different layers of neuron arrangements together

with their membership functions for the input parameters. Each neuron in the third layer corresponds to one particular fuzzy rule. A set of

Kaplan–Meier survival curves was plotted to show the sensitivity of the cumulative survival to each selected feature. An iterative method with

a log‐rank test (significant difference with p < 0.05) was used to define the groups for plotting the Kaplan–Meier curves.
2.6 | Training, testing and optimization of ANFIS

The patient population was split into three uniformly different classes according to their median survival time (397 days) as follows: Class 1

containing 11 patients with short‐term survival (≤6 months); Class 2 containing 11 patients with medium‐term survival between 6 and

25 months; and Class 3 containing 11 patients with long‐term (>25 months) survival. A leave‐one‐out K‐fold cross‐validation (KFCV) tech-

nique39,40 was employed for training, testing and optimization of ANFIS. In this study, the dataset was divided randomly into K subsets

(K = 33), with K – 1 samples used for training, and one remaining sample used to test the AM.39-41 The process of training and testing

was repeated K times (33 times) to ensure that all the samples contributed to the training and testing of ANFIS. The CCF, which is propor-

tional to ANFIS's performance at different training epoch numbers for K omitted subsets, was calculated. The epoch number corresponding

to maximum CCF was taken as the stopping epoch for each processing batch. During the training, testing and validation, the survival times

were classified into three different classes and a confusion matrix for the estimated CCF was calculated to assess the performance of ANFIS,

together with Type I and Type II errors, in predicting the survival time.

All data processing was performed off‐line using a commercial software package (MATLAB 2016a, The MathWorks Inc., Natick, MA, USA,

2000). All image data were loaded and analyzed in MATLAB using a series of in‐house codes developed for optimization, model selection and

image analysis.
FIGURE 1 Adaptive neuro‐fuzzy inference system (ANFIS) structure and the flow of information for the training, validation and optimization
phases and their relevant algorithms
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3 | RESULTS

Table 2 shows the PK parameters of each model for three different survival classes. For each survival class, the PK parameters are averaged over

the tumor volume for all the patients in the class. The ‘model ratio’ column of this table shows the number of voxels for each model divided by the

total number of voxels in the whole tumor volume for all patients in each survival class. Figure 2 illustrates a series of uptake curves averaged in

Model 1, 2 and 3 volumetric regions for three patients. The figure also shows the model choice map, together with the maps of PK parameters, for

three slices chosen from three different patients. In the model choice maps, blue, green and red colors refer to voxels that are classified as Models

1, 2 and 3, respectively. Table 3 illustrates the Wald statistic that was used to test the statistical significance, as well as the HR for each PK param-

eter and patient age. The Cox regression analysis (see Table 3) confirms that the patient age (HR = 1.25, p < 0.001) was a significant factor that

strongly affected the prediction of survival time. In addition, Ktrans, kep and ve of Model 3 (HR = 1.21, p = 0.006; HR = 1.51, p = 0.005; HR = 0.90,

p = 0.008) showed significant associations with the survival time. Ktrans of Model 2 (HR = 0.92, p < 0.001) was found to be another significant factor

affecting the survival time. As shown in Table 3, vp for the three models showed no significant effect on the survival time (p = 0.77, p = 0.41 and

p = 0.99 for vp of Models 1, 2 and 3, respectively). Therefore, the analysis results imply that the patient age, Ktrans, kep and ve fromModel 3 and Ktrans

from Model 2 are the most effective parameters for modeling of the survival time. Given the fact that only two PK parameters among the three

parameters of Model 3 are independent (ve = Ktrans/kep), to avoid information redundancy and to achieve higher prediction efficiency, Ktrans of

Model 3 was excluded from the input vector of ANFIS. Figure 3A–D illustrates how the cumulative survival is affected by the value of the four

selected features. This justified the recruitment of these four features as the input vectors for ANFIS training.
TABLE 2 Pharmacokinetic (PK) parameters of each model for three different survival classes. For each survival class, the PK parameters are
averaged over the tumor volume for all the patients in the class

Model ratio vp ± SD (%) Ktrans ± SD (min−1) ve ± SD (%)

Model 1 Class 1 3% 0.8 ± 0.3
Class 2 5% 1.5 ± 0.8
Class 3 4% 1.4 ± 1.0

Model 2 Class 1 21% 1.5 ± 1.1 0.012 ± 0.003
Class 2 39% 1.7 ± 1.6 0.018 ± 0.008
Class 3 43% 2.0 ± 1. 6 0.021 ± 0.012

Model 3 Class 1 76% 2.9 ± 2.2 0.066 ± 0.012 17.5 ± 3.2
Class 2 56% 4.5 ± 1.3 0.052 ± 0.018 18.1 ± 3.9
Class 3 53% 3.9 ± 1.7 0.060 ± 0.015 24.7 ± 4.3

SD, standard deviation.

FIGURE 2 The first column illustrates the uptake curves for different model regions for different survival classes. The second to fifth columns
show model choice maps and the corresponding maps of permeability parameters for three slices selected from three different patients with
glioblastoma multiforme (GBM)



TABLE 3 Statistical results for the multiple cox regression model. Age refers to the patient age at the time of diagnosis, HR refers to the hazard
ratio, CI refers to the confidence interval, sig. refers to the level of significance and Wald refers to the Wald χ2 value

Wald Sig. HR

CI (95%) of HR

Lower Upper

vp1 0.087 0.768 1.010 0.947 1.077

vp2 0.694 0.405 1.019 0.975 1.065

vp3 0.000 0.992 1.000 0.915 1.093

Ktrans2 12.82 <0.001 0.917 0.863 0.974

Ktrans3 7.03 0.008 1.209 1.090 1.342

kep 7.98 0.005 1.505 1.125 2.012

ve 7.60 0.006 0.904 0.839 0.974

Age 20.04 <0.001 1.254 1.136 1.385

FIGURE 3 The effect of the value of the selected features on the cumulative survival for the four selected features
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Figure 4A–F shows six different scatter plots corresponding to possible combinations of feature pairs for all patients in the feature space. As

shown, for each pair of features, the distributions of the features formed three different clusters associated with the three different survival classes

(labeled in red, green and blue colors). As shown in these figures, the diffusion of the feature values at the border of the clusters evidently justifies

the recruitment of a set of non‐linear fuzzy rules for the delineation of all the clusters in the feature space.

Table 4 shows the Pearson correlation coefficients and their p values between different feature pairs for the four selected features. As shown

in this table, there are no strong correlations between the PK features used as the training vectors of ANFIS.

The performance analysis for ANFIS training using 15 possible combinations of these four input parameters was investigated (seeTable 5). As

shown in Table 5, ANFIS shows the best predictive performance (84.8%) when it is trained by all four parameters together. Figure 5A shows the

CCF of ANFIS at different epoch numbers. As shown here, the optimal epoch number corresponding to 10% of the plateau of the CCF curve

was 149. The root‐mean‐square error (RMSE, see Figure 5B) for the trained ANFIS at the optimal epoch was 3 × 10−3 (considered as the termina-

tion error of ANFIS). The prediction performance of the trained ANFIS (with two Gaussian membership functions for each input) was 84.8%. As

shown in Table 6, the diagonal elements of the CCF confusion matrix (sensitivity) for three different output classes (81.8%, 90.1% and 81.8%

for Class 1, Class 2 and Class 3, respectively) imply that the trained ANFIS can reliably predict different survival classes. The sensitivity, specificity



FIGURE 4 Six different scatter plots corresponding to possible combinations of the four feature pairs for all patients in the feature space. As
shown, for each pair of features, the distributions of the features form three different clusters associated with the three different survival
classes (labeled in red, green and blue colors)

TABLE 4 Pearson correlation coefficients between different feature pairs for the four selected features

Ktrans2 kep ve Age

Ktrans2 r = 1.00, p = 0 r = −0.08, p = 0.65 r = 0.17, p = 0.33 r = −0.32, p = 0.023

kep Sym r = 1.00, p = 0 r = −0.095, p = 0.59 r = 0.38, p = 0.03

ve Sym Sym r = 1.00, p = 0 r = −0.45, p = 0.04

Age Sym Sym Sym r = 1.00, p = 0

Sym, symmetric matrix.
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(95%, 86.4% and 95% for Class 1, Class 2 and Class 3, respectively) and Type I error (5%, 13.6% and 5% for Class 1, Class 2 and Class 3, respec-

tively) of ANFIS can be easily calculated from the confusion matrix. Figure 6 demonstrates a set of rules extracted for the prediction of the survival

time based on the observed trend in the training data, as well as the available information content in the input feature sets. Figure 6A, B confirms

that, as the patient age increases, the survival time decreases; also, for lower values of ve, the survival time converges to the lower classes. The

specified rules indicate that higher values of kep correspond to lower survival time classes and, as kep decreases, the survival time class increases

(Figure 6C). Figure 6D illustrates the relationship between the survival time class and the value of Ktrans measured from Model 2. As shown in this

figure, for Ktrans values less than 0.04 min−1, as the transfer constant increases, the survival time increases, and, for Ktrans values of more than

0.04 min−1, as the transfer constant increases, the survival time decreases.



TABLE 5 Adaptive neuro‐fuzzy inference system (ANFIS) performance for 15 different input vectors constructed on the basis of the possible
combinations of the four semantic and pharmacokinetic (PK) parameters

ANFIS training Age kep ve Ktrans2 Performance of ANFIS

Test 1 ANFIS input #1 ANFIS input #2 ANFIS input #3 ANFIS input #4 84.8%

Test 2 ANFIS input #1 ANFIS input #2 ANFIS input #3 – 78.8%

Test 3 ANFIS input #1 ANFIS input #2 – – 66.6%

Test 4 ANFIS input #1 – ANFIS input #2 – 69.7%

Test 5 ANFIS input #1 – ANFIS input #2 ANFIS input #3 72.7%

Test 6 ANFIS input #1 ANFIS input #2 – ANFIS input #3 75.8%

Test 7 ANFIS input #1 – – ANFIS input #2 66.6%

Test 8 ANFIS input #1 – – – 63.6%

Test 9 – ANFIS input #1 ANFIS input #2 ANFIS input #3 69.7%

Test 10 – ANFIS input #1 ANFIS input #2 – 63.6%

Test 11 – ANFIS input #1 – – 60.6%

Test 12 – ANFIS input #1 – ANFIS input #2 66.7%

Test 13 – – ANFIS input #1 – 60.6%

Test 14 – – ANFIS input #1 ANFIS input #2 66.6%

Test 15 – – – ANFIS input #1 57.5%

FIGURE 5 A, correct classification fraction (CCF) of the adaptive neuro‐fuzzy inference system (ANFIS) at different epoch numbers. The optimum
epoch (~149) corresponds to the maximum CCF. B, root‐mean‐square error (RMSE) of ANFIS for the training dataset

TABLE 6 Nine elements of the confusion matrix for the correct classification fraction (CCF) of the trained adaptive neuro‐fuzzy inference system
(ANFIS) for the three different survival classes: Class 1, survival for ≤6 months; class 2, survival between 6 and 25 months; class 3, survival for
>25 months

Class Class 1 (predicted) Class 2 (predicted) Class 3 (predicted)

Class 1 (actual) 81.8% 18.2% 0

Class 2 (actual) 0 90.1% 9.9%

Class 3 (actual) 9.9% 9.9% 81.8%
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FIGURE 6 The fuzzy rules for the variation of three different classes of survival versus different features (patient age, ve, kep and Ktrans‐model 2) for
the trained adaptive neuro‐fuzzy inference system (ANFIS)
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4 | DISCUSSION

This pilot study investigated the feasibility of combing a neuro‐fuzzy system and model selection technique to predict three different classes of

survival time from DCE‐MRI information in patients with GBM. The results imply that, amongst all the parameters, patient age shows a negative

correlation with the survival time class in patients with GBM. Such a finding is in agreement with the results reported by Reavey‐Cantwell

et al.1 and Lacroix et al.11 The results of this study confirm that, as ve of the tumor increases, the survival time class increases. Previous studies2,19

have reported that EES shows an inverse relation to prognosis. In addition, a recent study42 has demonstrated that the ve value measured before

treatment does not show any significant relationship with prognosis. The fuzzy rules extracted from the data clearly confirm that there is a direct

and positive correlation between the estimated ve and the survival time of the classes. Some recent studies43 have also shown that there is a neg-

ative correlation between ve and the cellularity of the tumor; thus, it is expected that a higher value of ve will correspond to a higher survival time.

According to the literature, disruption of the blood–brain barrier (BBB) strongly affects the two transfer constants (Ktrans and kep), and different

tumor zones with higher transfer constants may correspond to more aggressive portions of the tumor.2,19,44,45 The findings of this study clearly

confirm that the survival time class is significantly affected by the value of kep, such that higher kep results in lower survival time, which is in agree-

ment with the research results reported by Awasthi et al.19 Many studies2,15,18 have proven that there is a significant correlation between Ktrans and

prognosis. Some of these studies2,18 have demonstrated that higher values of Ktrans can be associated with poor prognosis in patients with GBM,

and other research studies15,16 have suggested a direct relationship between Ktrans and survival time length in high‐grade gliomas. In most of the

previous studies, the transfer constants were estimated from a PK analysis with no incorporation of model selection. Our group has shown that PK

parameters estimated with model selection are less biased than those estimated by conventional methods, which generate a biased Ktrans.25,26 Such

a biasing effect does not allow an easy comparison between Ktrans of Models 2 and 3 versus Ktrans estimated by conventional methods.2,15,16,18,19,42

Therefore, such a bias in Ktrans would also affect other PK parameters. The novelty of this study is that it recruits a series of relatively unbiased

estimates of PK parameters and investigates their effects on the survival time of patients with GBM. In this study, Ktrans of Model 2 was one of

the input features to ANFIS, and the trained ANFIS discovered its relation with survival class in addition to the other input parameters. According

to Figure 6D, this pilot study confirms that, for Ktrans (Model 2) values of less than 0.04 min−1, as the transfer constant increases, the survival time

increases, and, for Ktrans (Model 2) values of more than 0.04 min−1, as the transfer constant increases, the survival time decreases. Such a trend can

be explained by the fact that, as Ktrans of Model 2 increases, the physiological condition of the tissue and its vascular compartment approach a tran-

sition condition, and Model 2 starts to change to the Model 3 state. Therefore, this trend can be explained by the following assumption: for the

higher values of the Model 2 volume transfer constant, as the model condition nears its transition state (Model 3 condition), the level of tumor
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aggressiveness starts to increase, and thus the survival time starts to decrease. Such an observed trend is strongly in agreement with the

literature.2,18,44,45

Our statistical analysis showed that there is no significant correlation between the blood plasma volume and the survival time class, which con-

firms the reported results by Choi et al.2 and is in contrast with Nguyen et al.,18 who reported a significant negative correlation between vp and

survival. Such a conflicting result might be caused by the different strategies used for DCE‐MRI data analysis, such as the construction of ΔR1 from

the signal intensity (non‐linearity problem), quantification and selection of the arterial input function and, more importantly, model selection and

estimation of the permeability parameters. In this study, in addition to our recruited strategies in the pre‐processing stage of DCE‐MRI data anal-

ysis, the recruitment of a nested model selection technique together with a MLE algorithm allowed the creation of a unique approach for DCE‐MRI

data processing, which is absent in most of the recent and previous studies.

In addition, the confusion matrix revealed that the constructed ANFIS predictor has an acceptable performance of 84.8% to correctly classify

the three different classes of survival. A uniform distribution of the patients into three different classes allowed us to prevent ANFIS predictors

from becoming biased towards any specific class of survival. As the fuzzy rules used in ANFIS are extracted from the statistical trend of the training

data, it is expected that the use of the PK parameters of the training dataset that meet the Cox regression criteria would lead to a more precise set

of rules and allow the perfection of a more accurate and robust adaptive predictor. One of the most important advantages of ANFIS is to simulta-

neously discover the relationship amongst all training and identifier vectors. The recruitment of ANFIS in this study allowed the combination of the

capability of learning from the existing pattern in the data, as well as turning the encoded knowledge of the data into a set of explicit rules.20 Such a

combination significantly improves the performance of the predictive model20 in finding the key parameters in order to connect the information

hidden in the training vectors to the survival time class (output). The key information is encoded and dictated as a set of understandable rules

extracted from the information content existing in the training feature set.

In this study, a leave‐one‐out cross‐validation technique was also used for training, optimization and validation of ANFIS to improve the per-

formance of the predictor model. In summary, the results of this pilot study evidently support the idea of constructing a neuro‐fuzzy model based

on the vascular permeability parameters as a survival class predictor for patients with GBM. The limitations of this investigation include the fact

that the number of image datasets was limited, suggesting the possibility of increased Type II errors. The limited sample size and the nature of

the study being treatment naïve did not allow us to build a model that was less affected by the diversity of patient age in each class. A much larger

number of samples is necessary in order to draw unequivocal conclusions. A much larger number of samples will also allow us to build an ANFIS for

the prediction of finer classes of survival time and a more accurate survival time.
5 | CONCLUSIONS

To the best of our knowledge, the current study is unique in the sense that it combines the nested model selection technique with MLE in DCE‐MRI

data analysis in order to construct an adaptive neuro‐fuzzy‐based model for the prediction of three different classes of survival time in patients

with GBM. The recruitment of nested model selection and MLE techniques provided a less biased estimation of PK parameters and also guaranteed

the reproducibility of the estimated parameters. In conclusion, compared with other conventional survival predictors, the proposed ANFIS is less

vulnerable to unusual trends in the experimental data, which allows the construction of a less noise‐insensitive adaptive survival predictor with high

accuracy and speed that can be used in clinical decision making and treatment management in patients with GBM.
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