Liao et al. BMC Medical Imaging (2023) 23:119 BMC Medica| |mag|ng
https://doi.org/10.1186/s12880-023-01082-7

, I , ®
Differentiating tumour progression B

from pseudoprogression in glioblastoma
patients: a monoexponential, biexponential,
and stretched-exponential model-based DWI
study

Dan Liao"?", Yuan-Cheng Liu'", Jiang-Yong Liu', DiWang'" and Xin-Feng Liu'"

Abstract

Background To investigate the diagnostic performance of parameters derived from monoexponential, biexponen-
tial, and stretched-exponential diffusion-weighted imaging models in differentiating tumour progression from pseu-
doprogression in glioblastoma patients.

Methods Forty patients with pathologically confirmed glioblastoma exhibiting enhancing lesions after completion
of chemoradiation therapy were enrolled in the study, which were then classified as tumour progression and pseu-
doprogression. All patients underwent conventional and multi-b diffusion-weighted MRI. The apparent diffusion
coefficient (ADC) from a monoexponential model, the true diffusion coefficient (D), pseudodiffusion coefficient (D¥)
and perfusion fraction (f) from a biexponential model, and the distributed diffusion coefficient (DDC) and intravoxel
heterogeneity index (a) from a stretched-exponential model were compared between tumour progression and pseu-
doprogression groups. Receiver operating characteristic curves (ROC) analysis was used to investigate the diagnostic
performance of different DWI parameters. Interclass correlation coefficient (ICC) was used to evaluate the consistency
of measurements.

Results The values of ADC, D, DDC, and a values were lower in tumour progression patients than that in pseudopro-
gression patients (p <0.05). The values of D* and f were higher in tumour progression patients than that in pseudo-
progression patients (p < 0.05). Diagnostic accuracy for differentiating tumour progression from pseudoprogression
was highest for a(AUC=0.94) than that for ADC (AUC=0.91), D (AUC=0.92), D* (AUC=0.81), f (AUC=0.75), and DDC
(AUC=0.88).

Conclusions Multi-b DWI is a promising method for differentiating tumour progression from pseudoprogression
with high diagnostic accuracy. In addition, the a derived from stretched-exponential model is the most promising
DWI parameter for the prediction of tumour progression in glioblastoma patients.
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Introduction

Glioblastoma is the most common and deadly primary
intracranial neoplasm in adults. It is estimated that the
median survival time of patients with glioblastoma is
only 14-16 months [1]. Treatments for patients with
glioblastoma generally involve maximal surgical resec-
tion followed by concurrent adjuvant radiotherapy and
chemotherapy [2]. Although these therapies are effec-
tive, they can also bring a series of deleterious effects
at the site of the original tumour or resection margins
after completion of concurrent chemo-radiation. The
treatment-induced chemoradiation effects on conven-
tional MRI look much like brain tumour progression
and are defined as pseudoprogression [3, 4].

Tumour progression and pseudoprogression have
similar imaging manifestations, such as progressive
lesion enlargement and new enhancement within the
radiation field. Conventional MRI sometimes fails to
reliably predict tumour progression. In addition, pseu-
doprogression patients are monitored with short-inter-
val follow-up MRI scans, whereas tumour progression
patients often require invasive therapies. Therefore,
accurate differentiation between tumour progression
and pseudoprogression is critical for making informed
decisions on therapeutic intervention in glioblastoma
patients.

Diffusion-weighted imaging (DWI) is a noninvasive
MRI technique that captures the Brownian motion of
water molecules inside brain volumes, which can be used
to reflect microcirculation information in capillaries [5].
The apparent diffusion coefficient (ADC), obtained from
DWI with a monoexponential model, has been widely
used in the detection and differentiation of breast lesions,
glioblastoma, and prostate cancer [6—8]. However, sev-
eral previous studies have reported that the ADC calcu-
lated from a monoexponential model may not accurately
represent the diffusion information in body tissues, as it
could be affected by both blood perfusion and molecular
diffusion in capillaries [9].

The biexponential model, which was proposed by Le
Bihan et al., allows the separation of fast and slow diffu-
sion components of water molecules in microcapillary
tissue [10]. Some scholars demonstrated that metrics
derived from the biexponential model were superior
to the conventional ADC in renal tumour diagnosis,
pathological subtyping, and grade prediction [11]. Lin
et al. [12] demonstrated that the diffusion parameter D
derived from the biexponential model might be supe-
rior to ADC in predicting the grade of meningiomas.

Furthermore, the tumour tissue has a relatively higher
cell density and comprises complex microstructure,
which restricts the diffusion of water molecules and leads
to a non-Gaussian distribution. Other researchers [13]
have proposed the stretched-exponential model, which
has been used to evaluate the distributed diffusion effect
and intravoxel heterogeneity. As one of the most popu-
lar non-Gaussian DWI models, the stretched exponential
model could fit the signal curve more precisely, reflecting
the biological tissue microstructures in more detail, and
providing more useful diffusion information in different
organs. Zhang et al. [14] investigated the multi-b DWI
models in differentiating renal masses, and they found
that « may provide additional information for differenti-
ating benign from malignant renal masses.

In addition, some studies have demonstrated that biex-
ponential and stretched-exponential models may provide
additional information for the grading of glioblastoma
[15]. Other studies have also shown that biexponential
and stretched-exponential models could help distinguish
central nervous lymphoma from glioblastoma [16]. To
the best of our knowledge, no study has explored the fea-
sibility of applying different DWI models to differentiate
tumour progression from pseudoprogression in glioblas-
toma patients.

The main purpose of this study was to evaluate the
diagnostic performance of DWI parameters derived
from monoexponential, biexponential, and stretched-
exponential models in differentiating tumour progression
from pseudoprogression in glioblastoma patients.

Materials and methods

This retrospective study was approved by the Institu-
tional Review Board of Guizhou Provincial People’s
Hospital, and informed consent was obtained from all
participants. A total of seventy-six patients who had
undergone surgical resection with histology-diagnosed
glioblastoma were enrolled in the study between October
2017 and July 2020.

The inclusion criteria were as follows: (1) a histopatho-
logic diagnosis of glioblastoma; (2) available baseline MR
imaging performed 24—-48 h after surgery; (3) standard
radiation therapy (60 Gy over 30% of the tumour region)
with six cycles of concurrent adjuvant temozolomide
(150-200 mg/m? on 5 consecutive days of each 26 days
as a cycle) after surgery; (4) presence of newly developed
enhanced lesions or enlarged enhanced lesions on con-
trast-enhanced MRI within 6 cycles of chemoradiother-
apy; and (5) follow-up conventional, contrast-enhanced
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and multi-b DWI images performed on a 3.0 T MRI
scanner within 12 months after the completion of
chemoradiotherapy.

The exclusion criteria were as follows: (1) absence of
newly developed enhanced lesions or enlarged enhanced
lesions; (2) incomplete MR imaging; and (3) incomplete
clinical follow-up due to heart or kidney failure.

According to the updated Response Assessment in
Neuro-Oncology (RANO) criteria [17], the diagnostic
criteria for tumour progression and pseudoprogression
were as follows: during the twelve-month follow-up with
contrast-enhanced MRI (1, 3, 5, 7, 9, 11, 12 months),
patients with lesions that continued to increase in size or
with new contrast enhancement were defined as having
true progression, and patients with stable lesions with-
out any change or with smaller lesions were diagnosed as
having pseudoprogression.

Following the above criteria, 36 patients were excluded,
and the remaining 40 patients were included in this study.
These patients were classified into the true progression
group (n=22) and the pseudoprogression group (n=18).
The flow chart of the study cohort is shown in Fig. 1.

Data acquisition

MRI data were acquired by using a 3.0 T MR scanner
(Discovery MR 750W, GE Healthcare, Milwaukee, WTI)
with a 32-channel phased-array coil. During the MRI
scan, all subjects wore earplugs and tight foam head
cushions to reduce the effects of scanning noise and head
movement. Axial T1-weighted images were obtained
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with the following parameters: TR/TE=2225/34 ms;
FOV=240 mmx240 mm; matrix=288x288; slice
thickness=6 mm; spacing=15 mm, NEX=2. The
T2-weighted fat-suppressed images were obtained
with the following parameters: TR/TE=28000/122 ms,
FOV=240 mmx240 mm; matrix=512x512; slice
thickness=5 mm; spacing=1.5 mm; NEX=1. Con-
ventional DWI was obtained with the following param-
eters: TR/TE=3600/67 ms; FOV=320 mm X220 mm;
matrix=128x128; slice thickness=4 mm; spac-
ing=1 mm, NEX =6, b-values =0 and 1000 s/mm?,

Multivalue diffusion-weighted imaging was performed
before the injection of contrast using a single-shot
echo-planar imaging sequence. The parameters were
as follows: TR/TE=5600/67 ms; FOV =320%x220 mm,
matrix=128x128, slice thickness=4 mm, spac-
ing=1 mm. Twelve different b values (0, 10, 20, 40, 60,
70, 80, 100, 200, 400, 800, and 1000) s/mm? were applied
in three orthogonal directions. The total acquisition time
for the whole scan was 5 min 27 s.

In addition, the axial-, sagittal-, and coronal-plane
T1-weighted sequences were scanned after the intrave-
nous administration of Gd-DTPA contrast agent (Mag-
nevist; Kang Chen Pharmaceutical, Guangzhou, China)
at a dose of 0.1 mmol/kg and at a rate of 2.0 ml/s.

Postprocessing of multi-b DWI

MRI postprocessing was performed at the Advantage
workstation (ADW 4.4, GE Medical Healthcare). All
parameter maps were obtained by using MADC software.

Enrolled patients(n=76)

1. histopathologic diagnosis of glioblastoma

2. baseline contrast-enhanced MR imaging within 24-48 hours after surgery

3. standard radiation therapy with concurrent temozolomide

4. follow-up conventional, contrast-enhanced and DWI within 12 months every two month
after the completion of radiation therapy with concurrent temozolomide

5. the presence of newly enhanced lesions or enlarged enhanced lesions

6. follow-up contrast-enhanced MR imaging after six cycles of temozolomide and

radiation therapy to confirm tumour progression or pseudoprogression

Exclusion criteria(n=30)

1. absence of newly developed enhanced lesions or enlarged enhanced

Newly enhanced lesions or enlarged enhanced lesion

on the follow-up MRI (n = 46)

’ Adjuvant TMZ(6 cycles)

lesions
2. incomplete MRI imaging

3. heart and kidney failure

Exclusion criteria(n=6)
patient does not complete clinic radiologic follow-up or surgical resection

of enhanced lesion to diagnose tumour progression or pseudoprogression

| |

’ Tumour progression (n=22) Pseudoprogression(n=18)

Fig. 1 Flow chart of the study population selection
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(1) The ADC map was calculated by using the monoex-
ponential model [18]:

S(b)/S(0) = exp(—b - ADC)

where S is the signal intensity according to the b-value (0
and 1000 s/mm?).

(2) The maps of the true diffusion coefficient (D), per-
fusion-related pseudodiffusion coefficient (D*), and
perfusion fraction (f) were calculated using the biex-
ponential model as described by Le Bihan et al. [10]:

Sb/S0 = (1 — f)exp(—bD) + {fexp[-b(D* +D)] }

where D represents the pure molecular diffusivity,
in which a perfusion effect is excluded; the D* is the
perfusion parameter which is mainly influenced by
the mean capillary length and average blood velocity;
and the perfusion factor f is expressed as the volume
fraction of water flowing in small capillaries.

(3) The maps of the water diffusion heterogeneity index
(a) and the distributed diffusion coefficient (DDC)
were obtained by using the stretched DWI model [19]:

S(b)/S(0) = exp[—(b - DDC)a]

where o varies between 0 and 1. This parameter is
defined as the deviation away from monoexponential
decay. High a values represent low intravoxel diffu-
sion heterogeneity. DDC is considered as the com-
posite of individual apparent diffusion coefficients,
which is weighted by the sum of the continuous dis-
tribution of ADCs.

The ADC, D, D*, and f, DDC, and a maps of the mono-
exponential, biexponential, and stretched-exponential
models were automatically generated by the MADC soft-
ware at the ADW 4.4 workstation. Two radiologists who
were blinded to each other’s results independently ana-
lysed the conventional MRI and DWI data according to
the Response Assessment in Neuro-Oncology (RANO)
criteria.

Specifically, for each patient, the two radiologists (with
10 years of experience in the diagnosis of neuro-oncology
system diseases) independently placed three regions of
interest (ROIs) in the lesion areas (e.g., the progression
and pseudoprogression lesions) according to the refer-
enced contrast-enhanced T1WTI anatomical and high sig-
nal area of the axis plane on DW1I (b=1000 s/mm?) maps.
The region of interest was manually extracted carefully
along the margin that contained the previously deter-
mined enlarged or newly developed enhancing lesions,
while avoiding the areas of necrosis, cysts, and nontumor
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vessels. The ROIs were placed to cover as much of the
enhanced areas as possible on three consecutive maximal
slices in the axial plane. Each lesion area was measured
3 times, from which the average values were calculated.
Thus, the mean values of ADC, D, D*, f, DDC, and o were
obtained. The mean area of the region of interest was
45-65 mm?.

Statistical analysis

The interobserver agreement was assessed using the
interclass correlation coefficient (ICC) with 95% con-
fidence intervals. The interpretation of ICC values was
defined as follows: 0.00-0.20, poor agreement; 0.21-0.40,
fair agreement; 0.41-0.60, moderate agreement; 0.61—
0.80, good agreement; and 0.81-1.00, excellent agree-
ment. The reproducibility of multi-b DWI parameters
was analysed using Bland—Altman plots.

The Kolmogorov—Smirnov test was used to determine
the nature of the data distribution. The parameters of the
monoexponential, biexponential, and stretched-expo-
nential models were compared by using the independent
sample t test between the true progression and pseudo-
progression groups. Receiver operating characteristic
curves (ROCs) were drawn to determine the best cut-off
value for the differentiation between true progression
and pseudoprogression. The areas under the ROC curves
were compared by using the DeLong test. The sensitiv-
ity and specificity were calculated at a cut-off point that
maximized the value of the Youden index. All statistical
analyses were performed with Med-Calc software (ver-
sion 12.1.7; Med-Calc Software, Marieke, Belgium) and
SPSS software (version 24.0; SPSS, Chicago, III). The
results with p <0.05 were considered significant.

Results

Demographic and interobserver agreement

The demographics of patients with tumour progres-
sion and pseudoprogression are summarized in Table 1.
The interclass correlation coefficients for ADC, D, D* f,
DDC, and o were 0.734 (95% confidence interval [CI]:
0.543,0.847), 0.700 (95% CI: 0.500, 0.829), 0.087 (95%
CI: 0.227, 0.385), 0.622, 95% confidence interval [CI]:
0.388,0.781), 0.770 (95% CI: 0.606, 0.871), and 0.757 (95%
CI: 0.585, 0.864), respectively. The Bland—Altman plots
representing the interobserver reproducibility between
the two neuroradiologists are shown in Fig. 2. Moderate
to excellent interobserver agreements were achieved in
the measurements of multi-b DW1I parameters.

Comparison of multi-b DWI parameters

Representative MR images from patients with true pro-
gression and pseudoprogression are shown in Figs. 3
and 4, respectively. The mean values of multi-b DWI
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Table 1 Demographics of the patients with tumour progression and pseudoprogression
Demographics Tumour progression Pseudoprogression Total p value
Age (years) 56.39+11.22 59.62+10.33 5723+11.32 0.13
Sex (male/female) 22(13/9) 18(11/7) 40(24/16) 0.16
IDH1 type 4(18%) 3(16%) 7(17.5%) NA
MGMT type 5(22%) 3(16%) 8(20%) NA
Lesion size(mm?) 566.28+118.32 632.55+121.63 596.11+119.96 0.88
Data are means * standard deviations or percentages, n (%)
Abbreviations:IDHT Isocitrate dehydrogenase 1, MGMT Methylguanine methyltransferase
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Fig. 2 Bland-Altman plots with 95% Cls show moderate to good interobserver agreement for ADC, D, D¥, f, DDC, and a values derived
from the monoexponential, biexponential, and stretched-exponential DWI models

parameters (ADC, D, D*, f, DDC, and «) in the true pro-
gression and pseudoprogression groups are summarized
in Table 2.

The tumour progression group exhibited lower ADC,
D, DDC, and a values than the pseudoprogression group
(all p<0.05). The D* and f values of the tumour progres-
sion group were significantly higher than those of the
pseudoprogression group (all p<0.05). The histogram
plot of multi-b DW1I parameters is shown in Fig. 5.

Diagnostic performance of multi-b DWI parameters

Table 3 summarizes the AUC values, 95% confidence
intervals, sensitivity, specificity, and cut-off values for
differentiating between tumour progression and pseu-
doprogression. The diagnostic accuracy for differentiat-
ing tumour progression from pseudoprogression was

higher for a (AUC=0.94) than for ADC (AUC=0.91), D
(AUC=0.92), D* (AUC=0.81), f (AUC=0.75), and DDC
(AUC=0.88). The o from the stretched model showed a
higher AUC than the f (»=0.004) or the D* (p=0.047)
derived from the biexponential model. The AUC for D
was significantly greater than the AUC for f (p=0.017).
Moreover, the AUC of a was slightly higher than that of
ADC, D, and DDC, but there was no significant differ-
ence (all p>0.05). Detailed information is shown in Fig. 6.

Discussion

Our current study demonstrates that ADC, D, D* and
f, DDC, and a values derived from multiple-b DWI
models can help in differentiating tumour progres-
sion from pseudoprogression in glioblastoma patients.
In addition, D and a exhibited better AUC values than
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Fig. 3 Representative images of a patient with tumour progression. Axial FLAIR (a) and contrast-enhanced T1WI (b) demonstrated a newly
enhanced lesion in the right frontal lobe. The lesion grew after six cycles of temozolomide chemoradiation, implying that the lesion had progressed.
The ADC (), D (d), D* (e), f (f), DDC (g) and a (h) maps were calculated automatically from the MADC software

0

103 s/mm?

Fig. 4 Representative images of a patient with pseudoprogression. Axial FLAIR (a) and contrast-enhanced T1WI (b) showed a necrotic
contrast-enhancing lesion in the right temporal lobe. The lesion disappeared after 6 cycles of temozolomide chemoradiation, which was defined
as pseudoprogression. The ADC (c), D (d), D* (e), f (f), DDC (g) and a (h) maps were calculated automatically from the MADC software

the conventional DWI model parameters, so they may = Monoexponential model

provide additional diagnostic value for improving the The parameter ADC obtained from the monoexponen-
management of patients with glioblastoma over routine  tial model quantifies the degree of water molecule dif-
clinical practice. fusion motion and has been widely used to characterize
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Table 2 Discrimination and reliability of the multi-b DWI parameters in differentiating tumour progression from pseudoprogression

Parameters Tumour progression Pseudoprogression tvalue p value ICC

ADC (X107 s/mm?) 1315+0.175 1.956+£0.306 8.309 0.001* 0.734
D (x 1072 s/mm? 1.084£0.126 1.741£0.213 12.118 0.001* 0.700
D* (x 1073 s/mm?) 53.841+26.578 25613+8951 4.305 0.001* 0.887
f 0.333+0.108 0.239+0.086 2.962 0.005* 0.622
DDC (x 1073 s/mm?) 1.177£0.397 1.692+0.350 4.300 0.001* 0.700
a 0.673+0.092 0.879+0.091 7.084 0.001* 0.757

Data are means + standard deviations

Comparisons were performed by independent samples t test

Abbreviations: ADC Apparent diffusion coefficient, D true diffusion coefficient, D* perfusion-related pseudodiffusion coefficient, f perfusion fraction, DDC Distributed

diffusion coefficient, a diffusion heterogeneity index

" Denotes p values that are significant (in bold)

ADC D
2.5- 2.0
« '
2.0-
g E 1.5-
@ @
@ 1.5- ®
g % 1.0
Q Q
2 0.5+ 3 0.5
> ‘>°
0.0- 0.0-
group group
f DDC
0.4+ 2.0
<
0.3- E 1.5-
" D
] @
% 0.2- % 1.0
s 1
Q
0.1 2 0.5
(L]
>
0.0- 0.0-
group group

D*

[=]
o
|

2]
o
1

values(x103s/mm?)
N oy
T 2

o
|

group

= progression

0.8 E3 pseudoprogression

0.6

values

0.4+

0.2

0.0-
group

Fig. 5 Histogram plots of ADC, D, D*, f, DDC, and a values derived from multi-b DWI to distinguish the tumour progression and pseudoprogression
groups. The ADC, D, DDC, and a values were significantly lower in the tumour progression group than in the pseudoprogression group (all p <0.05).
The f and D* values were significantly higher in the tumour progression group than in the pseudoprogression group (all p <0.05)

tissue information in malignant tumours. Previous stud-
ies revealed that tumour progression showed lower ADC
values than radiation necrosis in glioblastoma patients
[9, 20]. Reimer et al. [21] also reported decreased ADC
values in patients with tumour progression, and this
research demonstrated that the ADC map might be a

promising approach for the differentiation between pro-
gression and pseudoprogression.

In our present study, tumour progression patients
showed lower ADC values than pseudoprogression
patients. Our findings are consistent with previous reports
[2]. This phenomenon could be explained by the hypoth-
esis that pseudoprogression is mainly characterized by
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Table 3 Diagnostic performance for the differentiation between tumour progression and pseudoprogression

Parameters AUC 95% Cl Cut-off values Youden index Sensitivity Specificity

(%) (%)

ADC 091 0.81-0.98 161 0.78 9245 83.33

D 092 0.84-0.99 1.28 0.86 86.36 86.45

D* 0.81 0.65-0.91 38.21 0.67 7273 84.44

f 0.75 0.58-0.87 0.21 047 86.36 61.11

DDC 0.88 0.73-0.95 145 0.68 90.91 77.78

a 0.94 0.81-0.99 0.78 0.79 95.91 88.89

Abbreviations: ADC Apparent diffusion coefficient, D true diffusion coefficient, D* perfusion-related pseudodiffusion coefficient, DDC Distributed diffusion coefficient, f
perfusion fraction, a diffusion heterogeneity index, AUC Area under the receiver operating characteristic curve, C/ Confidence interval
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Fig. 6 ROC curves show the diagnostic performance of ADC, D, D*, f, DDC, and a values derived from multi-b DWI in distinguishing tumour

progression from pseudoprogression in patients with glioblastoma

extensive fibrinoid necrosis, vascular dilation, and cell
injury in the surrounding normal cerebral tissue, while
tumour progression is characterized by vascular prolif-
eration, manifesting as elevated cell density and increased
nucleus-to-cytoplasm ratio.

Biexponential model

The biexponential model-based DWI, also called intra-
voxel incoherent motion imaging, is a useful method
for measuring perfusion and diffusion in brain tissue
[10]. As one of the most important parameters in the

biexponential model DWI, D eliminates the effect of
fluid flows in microcirculation, letting it measure diffu-
sion more accurately and better reflect the changes in cell
density in tumours [22]. In our present study, the tumour
progression patients had lower D values than the pseudo-
progression patients, which was similar to the results of
Liu et al. [23].

In addition, our study demonstrated that the D value
derived from the biexponential model is superior than the
ADC value, which is characterized by higher diagnostic
performance in differentiating tumour progression than
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pseudoprogression. This is in line with a previous study
that a biexponential model based on multiple b-values
could achieve more reliable and accurate measurements
[5, 24]. This conclusion might be explained by the fact
that D is the pure molecular diffusion coefficient. Thus,
the parameter D can avoid the bias of microcirculation
contributions and represent the cellularity of tumours
more precisely. We speculate that D may be more help-
ful than ADC in differentiating tumour progression from
pseudoprogression, although further research is needed
to confirm this conclusion.

Theoretically, D* is mainly influenced by microves-
sel density (MVD) and neovascularization within the
tumour, which is associated with the average length of
capillaries and blood flow velocities. Increased D* val-
ues in the tumour may reflect vascular proliferation,
manifesting as elevated tumour vasculature density and
higher blood flow. According to some previous studies,
D* is a reliable and reproducible parameter in the diag-
nosis of renal mass, cervical cancer, and liver malignant
tumours [23, 25-27]. In addition, Togao et al. [28] found
that the D* value was significantly higher in high-grade
gliomas than in low-grade gliomas. In our present study,
the D* value of tumour progression was higher than that
of pseudoprogression, which is in agreement with the
results of previous studies.

The f parameter, derived from the biexponential-based
DWI model, is able to measure translational motions
associated with the microcirculation of blood. Miyoshi
et al. [29] reported that the f value tended to be higher
in progressing than in nonprogressing glioblastoma
patients. Zhu et al. [30] found that the f value was signifi-
cantly higher in high-grade than in low-grade glioblas-
toma patients. Our findings demonstrated that tumour
progression patients had higher f values than pseudopro-
gression patients, in line with these previous results [16,
31]. This observation can be explained by the fact that
tumour progression requires a more prominent vascular
structure and angiogenesis, and these changes ultimately
lead to an increased volume of capillary blood flow. Pseu-
doprogression is linked to the destruction of the blood-
brain barrier (BBB), which is concomitant with vasogenic
oedema and tissue ischaemia [32].

Stretched-exponential model

DDC, derived from the stretched-exponential model,
considers the weighted sum over the continuous distribu-
tion of ADCs that represent the multiexponential decay
properties. This parameter represents the mean intra-
voxel diffusion rates, which could provide a measurement
of the local distribution of diffusion coefficients [33].
Liu et al. [34] found that histogram variables of DDC
may predict the aggressiveness of prostate carcinoma.
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Chaykhana et al. [35] discovered a strong positive cor-
relation between DDC and the Ki-67 index in patients
with glioblastoma. Our findings demonstrated that the
tumour progression group had significantly lower DDC
than the pseudoprogression group, which is in agree-
ment with previous studies. We assumed that tumour
progression in glioblastoma patients is accompanied by
higher cellular density and an increased nucleus-to-cyto-
plasm ratio, thereby leading to a reduction in diffusive
homogeneity.

Another diffusion parameter derived from the
stretched DWI model is a. a represents intravoxel water
molecular diffusion heterogeneity, reflecting the micro-
structural heterogeneity of biological tissue [6]. A lower a
value reflects a higher intravoxel diffusion heterogeneity,
indicating higher heterogeneity of exponential decay [36].
Li et al. [37] found that the molecular diffusion hetero-
geneity index o and D could provide additional informa-
tion in differentiating angioleiomyolipoma from clear cell
renal cell carcinoma, so using these two parameters could
lead to improved diagnostic sensitivity and specificity.
Seo et al. [38] demonstrated that stretched exponential
DWT is a promising method for hepatic fibrosis staging,
with excellent diagnostic performance. Our findings were
consistent with previous works in the literature [39, 40].

Comparison between different diffusion exponential
models

To the best of our knowledge, this is the first study to
compare diffusion parameters derived from three dif-
ferent exponential models in differentiating tumour
progression from pseudoprogression. Although these
parameters derived from multi-b DWI models all exhib-
ited significant differences, D and o demonstrated better
diagnostic performance. In addition, a had the highest
AUC values in differentiating tumour progression from
pseudoprogression, indicating that « may be a more pow-
erful and superior parameter than other multi-b DWI
parameters. Previous studies have suggested that het-
erogeneity analysis with a stretched-exponential model
is superior to conventional DWI methods for glioblas-
toma grading [41, 42]. Our results are in accordance with
those previous findings [32]. Hence, a derived from the
stretched exponential DWI models may provide more
useful information for distinguishing tumour progression
from pseudoprogression.

Taken together, our findings show that multi-b DWI
is a unique analytical methodology that can simultane-
ously and noninvasively measure diffusion and perfusion
characteristics of the tissue, providing quantitative infor-
mation on microvasculature without the use of contrast
agents. In addition, the parameters derived from this
technique have modest repeatability and reproducibility.
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However, there remain some challenges for multi-b DW1I,
such as the standardization of acquisition protocols,
approach for optimizing the number of b values, acquisi-
tions within a clinically feasible scanning time, and model
fitting to estimate robust diffusion and perfusion param-
eters. Integration of artificial intelligence, the compressed
sensing technique and the multi-b DWI method might be
a good direction for future research.

Limitations

This study has several limitations. First, the patient
cohort was relatively small. A larger and multi-centric
study population may further verify the present findings.
Second, it was a retrospective study with inherent biases
in patient selection. Third, the association of multi-b
DWI parameters with pathological characteristics was
not performed in this study because histopathology was
not a standard procedure for the diagnosis of tumour
progression and pseudoprogression, but further research
with molecular markers might verify our findings. Finally,
we did not compare the diagnostic power of multi-b DW1I
with other imaging modalities (e.g., dynamic contrast-
enhanced or dynamic susceptibility contrast-enhanced
MR imaging) in differentiating tumour progression from
pseudoprogression, for which further study with multi-
modal MRI techniques is recommended.

Conclusion

In summary, the monoexponential, biexponential, and
stretched-exponential model of DWI is a potentially
valuable imaging tool for the differentiation between
tumour progression and pseudoprogression. In addition,
a obtained from the stretched-exponential model has the
highest diagnostic accuracy among diffusion parameters.
The multi-b DWI parameters may add potential clinical
value for determining the optimal therapeutic approach
and predicting the prognosis of glioblastoma patients.

Acknowledgements
We would like to thank all the patients and healthy controls who joined the
present study.

Code or software availability
None.

Authors’ contributions

All authors contributed to the study’s conception and design. DL contributed
to the conception of the study; YCL performed the experiment design; DW
contributed significantly to the analysis and manuscript preparation; XFL
helped perform the statistical analysis with constructive suggestions. JYL
participated in image acquisition. All authors read and approved the final
manuscript.

Funding

This work was supported by the Guizhou Provincial Health Commission
Project (gzwkj2021-373) and the Guizhou Provincial People’s Hospital Youth
Fund Project(GZSYQN[2017]15)and Guiyang Science and technology projects

Page 10 of 11

(ZKHT[2022]-4-1-3.The funding bodies played no role in the design of the study
and collection, analysis, interpretation of data, and in writing the manuscript.

Availability of data and materials
The datasets used or analysed during the current study are available from the
corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate

This study received approval from the Medical Ethics Committee of Guizhou
provincial People’s Hospital, and this study was performed in line with the prin-
ciples of the Declaration of Helsinki. Written informed consent was obtained
from all participants before the experiment. We confirm that all methods were
carried out in accordance with relevant guidelines and regulations.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

'Department of Radiology, Guizhou Provincial People’s Hospital, Guiyang,
Guizhou 550002, China. 2Beijing Hospital of Traditional Chinese Medicine,
Capital Medical University, Beijing 100010, China.

Received: 10 December 2022 Accepted: 19 August 2023
Published online: 11 September 2023

References

1. Delgado-Martin B, Medina M. Advances in the knowledge of the
molecular biology of glioblastoma and its impact in patient diagnosis,
stratification, and treatment. Adv Sci. 2020;7(9):1902971.

2. Strauss SB, Meng A, Ebani EJ, Chiang GC. Imaging glioblastoma post-
treatment: progression, pseudoprogression, pseudoresponse radiation
necrosis. Radiol Clin North Am. 2019;57(6):1199-216.

3. Verma G, Chawla S, Mohan S, Wang S, Nasrallah M, Sheriff S, et al.
Three-dimensional echo planar spectroscopic imaging for differen-
tiation of true progression from pseudoprogression in patients with
glioblastoma. NMR Biomed. 2019;32(2): e4042.

4. Zhu L, Wang J, ShiH, Tao X. Multimodality fMRI with perfusion,
diffusion-weighted MRl and (1) H-MRS in the diagnosis of lympho-
associated benign and malignant lesions of the parotid gland. J Magn
Reson Imaging. 2019;49(2):423-32.

5. Cao M, Suo S, Han X, Jin K, SunY,Wang Y, et al. Application of a simpli-
fied method for estimating perfusion derived from diffusion-weighted
MR imaging in glioma grading. Front Aging Neurosci. 2017,9:432.

6. Ertas G, Onaygil C, Akin Y, Kaya H, Aribal E. Quantitative differentiation
of breast lesions at 3T diffusion-weighted imaging (DWI) using the
ratio of distributed diffusion coefficient (DDC). J Magn Reson Imaging.
2016;44(6):1633-41.

7. Chan SW, Hu WH, Ouyang YC, Su HC, Lin CY, Chang YC, et al. Quantita-
tive measurement of breast tumors using Intravoxel Incoherent Motion
(IVIM) MR images. J Pers Med. 2021;11(7):656.

8. Kooreman ES, van Houdt PJ, Keesman R, van Pelt VWJ, Nowee ME, Pos
F, et al. Daily Intravoxel Incoherent Motion (IVIM) in prostate cancer
patients during MR-guided radiotherapy-a multicenter study. Front
Oncol. 2021;11: 705964.

9. Song S, Choi SH, Park CK, Yi KS, Lee WJ, Yun TJ, et al. True progres-
sion versus pseudoprogression in the treatment of glioblastomas:

a comparison study of normalized cerebral blood volume and
apparent diffusion coefficient by histogram analysis. Korean J Radiol.
2013;14(4):662-72.

10. Le Bihan D, Breton E, Lallemand D, Aubin ML, Vignaud J, Laval-Jeantet M.
Separation of diffusion and perfusion in intravoxel incoherent motion MR
imaging. Radiology. 1988;168(2):497-505.



Liao et al. BMC Medical Imaging

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

(2023) 23:119

. Puig J, Sanchez-Gonzalez J, Blasco G, Daunis IEP, Federau C, Alberich-

Bayarri A, et al. Intravoxel incoherent motion metrics as potential
biomarkers for survival in glioblastoma. PLoS ONE. 2016;11(7): e0158887.
Lin L, Xue Y, Duan Q, Chen X, Chen H, Jiang R, et al. Grading meningiomas
using mono-exponential, bi-exponential and stretched exponential
model-based diffusion-weighted MR imaging. Clin Radiol. 2019;74(8):651.
e615-651.e623.

Yamashita K, Hiwatashi A, Togao O, Kikuchi K, Kitamura Y, Mizoguchi M,

et al. Diagnostic utility of intravoxel incoherent motion mr imaging in
differentiating primary central nervous system lymphoma from glioblas-
toma multiforme. J Magn Reson Imaging. 2016;44(5):1256-61.

Zhang L, Li XS, Zhou LQ. Renal tumor biopsy technique. Chin Med J.
2016;129(10):1236-40.

Zhang J, Chen X, Chen D, Wang Z, Li S, Zhu W. Grading and proliferation
assessment of diffuse astrocytic tumors with monoexponential, biex-
ponential, and stretched-exponential diffusion-weighted imaging and
diffusion kurtosis imaging. Eur J Radiol. 2018;109:188-95.

Suh CH, Kim HS, Jung SC, Park JE, Choi CG, Kim SJ. MRl as a diagnostic
biomarker for differentiating primary central nervous system lymphoma
from glioblastoma: A systematic review and meta-analysis. J Magn Reson
Imaging. 2019;50(2):560-72.

Wen PY, Chang SM, Van den Bent MJ, Vogelbaum MA, Macdonald DR, Lee
EQ. Response assessment in neuro-oncology clinical trials. J Clin Oncol.
2017,35(21):2439-49.

Le Bihan D. Molecular diffusion, tissue microdynamics and microstruc-
ture. NMR Biomed. 1995,8(7-8):375-86.

Bennett KM, Schmainda KM, Bennett RT, Rowe DB, Lu H, Hyde JS. Charac-
terization of continuously distributed cortical water diffusion rates with a
stretched-exponential model. Magn Reson Med. 2003;50(4):727-34.
Ceschin R, Kurland BF, Abberbock SR, Ellingson BM, Okada H, Jakacki RI,
et al. Parametric response mapping of apparent diffusion coefficient

as an imaging biomarker to distinguish pseudoprogression from true
tumor progression in peptide-based vaccine therapy for pediatric diffuse
intrinsic pontine glioma. AJNR Am J Neuroradiol. 2015;36(11):2170-6.
Reimer C, Deike K, Graf M, Reimer P, Wiestler B, Floca RO, et al. Differentia-
tion of pseudoprogression and real progression in glioblastoma using
ADC parametric response maps. PLoS ONE. 2017;12(4): e0174620.

Jin YN, Zhang 'Y, Cheng JL, Zheng DD, Hu Y. Monoexponential, Biexponen-
tial, and stretched-exponential models using diffusion-weighted imag-
ing: a quantitative differentiation of breast lesions at 3.0T. J Magn Reson
Imaging. 2019;50(5):1461-7.

Liu ZC, Yan LF, Hu YC, Sun YZ, Tian Q, Nan HY, et al. Combination of IVIM-
DWI and 3D-ASL for differentiating true progression from pseudoprogres-
sion of Glioblastoma multiforme after concurrent chemoradiotherapy:
study protocol of a prospective diagnostic trial. BMC Med Imaging.
2017;17(1):10.

Catanese A, Malacario F, Cirillo L, Toni F, Zenesini C, Casolino D, et al.
Application of intravoxel incoherent motion (IVIM) magnetic resonance
imaging in the evaluation of primitive brain tumours. Neuroradiol J.
2018;31(1):4-9.

Li WF, Niu C, Shakir TM, Chen T, Zhang M, Wang Z. An evidence-based
approach to assess the accuracy of intravoxel incoherent motion imag-
ing for the grading of brain tumors. Medicine (Baltimore). 2018;97(45):
e13217.

Fathi Kazerooni A, Nabil M, Zeinali Zadeh M, Firouznia K, Azmoudeh-Ard-
alan F, Frangi AF, et al. Characterization of active and infiltrative tumorous
subregions from normal tissue in brain gliomas using multiparametric
MRI. J Magn Reson Imaging. 2018;48(4):938-50.

Federau C, O'Brien K, Meuli R, Hagmann P, Maeder P. Measuring brain per-
fusion with intravoxel incoherent motion (IVIM): initial clinical experience.
J Magn Reson Imaging. 2014;39(3):624-32.

Togao O, Hiwatashi A, Yamashita K, Kikuchi K, Mizoguchi M, Yoshi-

moto K, et al. Differentiation of high-grade and low-grade diffuse
gliomas by intravoxel incoherent motion MR imaging. Neuro Oncol.
2016;18(1):132-41.

Miyoshi F, Shinohara Y, Kambe A, Kuya K, Murakami A, Kurosaki M, et al.
Utility of intravoxel incoherent motion magnetic resonance imaging and
arterial spin labeling for recurrent glioma after bevacizumab treatment.
Acta Radiol. 2018;59(11):1372-9.

Zhu Q, Zhu W, Wu J, Chen W, Ye J, Ling J. Comparative study of conven-
tional diffusion-weighted imaging and introvoxel incoherent motion in

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Page 11 of 11

assessment of pathological grade of clear cell renal cell carcinoma. Br J
Radiol. 2022;95(1133):20210485.

Tang L, Zhou XJ. Diffusion MRI of cancer: From low to high b-values. J
Magn Reson Imaging. 2019;49(1):23-40.

Kim HC, Seo N, Chung YE, Park MS, Choi JY, Kim MJ. Characterization of
focal liver lesions using the stretched exponential model: comparison
with monoexponential and biexponential diffusion-weighted magnetic
resonance imaging. Eur Radiol. 2019;29(9):5111-20.

Touska P, Connor SEJ. New and Advanced Magnetic Resonance Imaging
Diagnostic Imaging Techniques in the Evaluation of Cranial Nerves and
the Skull Base. Neuroimaging Clin N Am. 2021,31(4):665-84.

Liu W, Liu XH, Tang W, Gao HB, Zhou BN, Zhou LP. Histogram analysis of
stretched-exponential and monoexponential diffusion-weighted imag-
ing models for distinguishing low and intermediate/high gleason scores
in prostate carcinoma. J Magn Reson Imaging. 2018;48(2):491-8.
Chakhoyan A, Woodworth DC, Harris RJ, Lai A, Nghiemphu PL, Liau LM,
et al. Mono-exponential, diffusion kurtosis and stretched exponential
diffusion MR imaging response to chemoradiation in newly diagnosed
glioblastoma. J Neurooncol. 2018;139(3):651-9.

Yan R, Haopeng P, Xiaoyuan F, Jinsong W, Jiawen Z, Chengjun Y, et al.
Non-Gaussian diffusion MR imaging of glioma: comparisons of multiple
diffusion parameters and correlation with histologic grade and MIB-1
(Ki-67 labeling) index. Neuroradiology. 2016;58(2):121-32.

LiH, Liang L, Li A, Hu Y, Hu D, Li Z, et al. Monoexponential, biexponential,
and stretched exponential diffusion-weighted imaging models: quantita-
tive biomarkers for differentiating renal clear cell carcinoma and minimal
fat angiomyolipoma. J Magn Reson Imaging. 2017;46(1):240-7.

Seo N, Chung YE, Park YN, Kim E, Hwang J, Kim MJ. Liver fibrosis: stretched
exponential model outperforms mono-exponential and bi-exponential
models of diffusion-weighted MRI. Eur Radiol. 2018,28(7):2812-22.

Kuai ZX, Sang XQ, Yao YF, Chu CY, Zhu YM. Evaluation of non-monoexpo-
nential diffusion models for hepatocellular carcinoma using b values up
to 2000 s/mm(2): a short-term repeatability study. ] Magn Reson Imaging.
2019,50(1):297-304.

HuY,Tang H, Li H, Li A, Li J, Hu D, et al. Assessment of different mathemat-
ical models for diffusion-weighted imaging as quantitative biomarkers for
differentiating benign from malignant solid hepatic lesions. Cancer Med.
2018;7(7):3501-9.

Chen X, Jiang J, Shen N, Zhao L, Zhang J, Qin Y, et al. Stretched-exponen-
tial model diffusion-weighted imaging as a potential imaging marker in
preoperative grading and assessment of proliferative activity of gliomas.
Am J Transl Res. 2018;10(8):2659-68.

Wang Y, Hu D, Yu H, Shen Y, Tang H, Kamel IR, et al. Comparison of the
diagnostic value of monoexponential, biexponential, and stretched
exponential diffusion-weighted MRI in differentiating tumor stage and
histological grade of bladder cancer. Acad Radiol. 2019,26(2):239-46.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Differentiating tumour progression from pseudoprogression in glioblastoma patients: a monoexponential, biexponential, and stretched-exponential model-based DWI study
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Materials and methods
	Data acquisition
	Postprocessing of multi-b DWI
	Statistical analysis

	Results
	Demographic and interobserver agreement
	Comparison of multi-b DWI parameters
	Diagnostic performance of multi-b DWI parameters

	Discussion
	Monoexponential model
	Biexponential model
	Stretched-exponential model
	Comparison between different diffusion exponential models
	Limitations

	Conclusion
	Acknowledgements
	References


