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Background: Previous neuroimaging studies demonstrated that patients with primary dys
menorrhea (PD) exhibited dysfunctional resting-state brain activity. However, alterations of 
dynamic brain activity in PD patients have not been fully characterized.
Purpose: Our study aimed to assess the effect of long-term menstrual pain on changes in 
static and dynamic neural activity in PD patients.
Material and Methods: Twenty-eight PD patients and 28 healthy controls (HCs) under
went resting-state magnetic resonance imaging scans. The amplitude of low-frequency 
fluctuations (ALFF) and dynamic ALFF was used as classification features in a machine 
learning approach involving a support vector machine (SVM) classifier.
Results: Compared with the HC group, PD patients showed significantly increased ALFF 
values in the right cerebellum_crus2, right rectus, left supplementary motor area, right 
superior frontal gyrus, right supplementary motor area, and left superior frontal medial 
gyrus. Additionally, PD patients showed significantly decreased ALFF values in the right 
middle temporal gyrus and left thalamus. PD patients also showed significantly increased 
dALFF values in the right fusiform, Vermis_10, right middle temporal gyrus, right putamen, 
right insula, left thalamus, right precentral gyrus, and right postcentral gyrus. Based on ALFF 
and dALFF values, the SVM classifier achieved respective overall accuracies of 96.36% and 
85.45% and respective areas under the curve of 1.0 and 0.95.
Conclusion: PD patients demonstrated abnormal static and dynamic brain activities that 
involved the default mode network, sensorimotor network, and pain-related subcortical 
nuclei. Moreover, ALFF and dALFF may offer sensitive biomarkers for distinguishing 
patients with PD from HCs.
Keywords: primary dysmenorrhea, amplitude of low-frequency fluctuations, support vector 
machine

Introduction
Primary dysmenorrhea (PD) is one of the most frequent gynecological diseases, 
characterized by persistent abdominal pain during the menstrual period. The inci
dence of PD in university students is 41.7% in China.1 There is increasing evidence 
that PD patients have both abdominal pain and psychological problems and 
a nutraceutical approach to female complaints has increased during the last 
years.2,3 Kabukcu et al reported that PD may be associated with psychiatric 
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distress.4 However, the effects of long-term menstrual pain 
on psychological disorder-related neural activity in PD 
patients remain unclear.

The resting-state fMRI technique has provided a robust 
understanding of neurophysiological mechanisms in PD 
patients. Zhang et al demonstrated that PD patients 
showed decreased ALFF in the posterior lobe of the right 
cerebellum and right middle temporal gyrus, compared 
with HCs.5 Zhang et al demonstrated that PD patients 
exhibited abnormal cerebral blood flow in the default 
mode network, compared with HCs.6 Furthermore, Liu 
found that PD patients showed abnormal connectivity 
between the caudal anterior cingulate cortex (ACC) and 
both the primary somatosensory cortex and the medial 
prefrontal cortex.7 Lee et al demonstrated that PD patients 
showed increased theta activity in the parahippocampal 
gyrus, insula, and cingulate gyrus during the menstrual 
period.8 Although these findings have revealed changes 
in brain activity specific to pain and related brain regions 
in PD patients, they focused on the resting-state features of 
blood-oxygenation-level dependent (BOLD) signaling, 
with the assumption that BOLD signaling is stationary 
during the acquisition period. However, the effects of 
long-term menstrual pain on dynamic intrinsic brain activ
ity remain unknown.

Increasing numbers of neuroimaging studies have been 
performed with the assumption of temporal variability in 
BOLD signal correlations during the typical duration (a 
few minutes) of a resting-state scan.9,10 Recently, dynamic 
ALFF was successfully used to investigate the temporal 
variability of brain activity in patients who were 
smokers,11 patients with primary insomnia,12 and patients 
with Parkinson’s disease.13 In contrast to task MRI 
method, this technique does not require the participants 
to perform any task during scanning and the ALFF method 
had high spatial resolution. However, it remains poorly 
understood whether changes in dynamic spontaneous 
brain activity occur in PD patients. Additionally, the sup
port vector machine (SVM) method has been used in MRI 
classification to detect biomarkers on the basis of neuroi
maging data.

This study aimed to determine whether PD patients 
exhibited dysfunctional dynamic intrinsic brain activity. 
Additionally, machine learning techniques were applied 
to investigate whether ALFF and dALFF values could 
serve as sensitive biomarkers to distinguish patients with 
PD from HCs. Our findings might offer insights into the 

neural mechanisms of long-term menstrual pain in PD 
patients.

Materials and Methods
Participants
A case–control study, 28 PD patients (28 women; mean 
age, 24.25±1.00 years) and 28 HCs (28 women; mean age, 
24.46±1.31 years) were enrolled in Jiangxi Provincial 
People’s Hospital Affiliated to Nanchang University 
China during 1 September 2020 to 1 January 2021, 
matched for age, sex, and education, participated in this 
study.

The diagnostic criteria of PD patients were as follows: 
1) childless, right-handed women; 2) with menstrual cycle 
of 21–35 days; a3) course of menstrual pain lasting longer 
than 6 months; 4) an average visual analogue score (VAS) 
of menstrual pain of greater than or equal to 40 (0 = no 
pain sensation, 100 = the worst pain sensation) in this 
study.

All HCs met the following criteria: 1) no history of 
abdominal pain; 2) presence of pelvic organic diseases.

Ethical Statement
The studies involving human participants were reviewed 
and approved by Declaration of Helsinki and was 
approved by the medical ethics committee of the Jiangxi 
Provincial People’s Hospital Affiliated to Nanchang 
University. The research program was approved by the 
institutional review board of Jiangxi Provincial People’s 
Hospital Affiliated to Nanchang University. All subjects 
signed an informed consent form.

MRI Acquisition
MRI scanning was performed on a 3-tesla magnetic reso
nance scanner (Discovery MR 750W system; GE 
Healthcare, Milwaukee, WI, USA) with eight-channel 
head coil.

fMRI Data Processing
All preprocessing was performed using the toolbox for 
Data Processing & Analysis of Brain Imaging (DPABI, 
http://www.rfmri.org/dpabi),14 briefly the following 
steps:15 1) discard first 10 volumes, 2) slice timing 
effects and motion corrected. 3) Individual 3D-BRAVO 
images were registered to the mean fMRI data.16 4) 
regress out several covariate (six head motion para
meters, mean framewise displacement (FD), global 
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brain signal, and averaged signal from white matter 
signal and cerebrospinal fluid). 5) Data with linear 
trend were removed, and temporal band-pass was fil
tered (0.01–0.08 Hz).17

ALFF Computing
To calculate ALFF, we calculate the smoothed signal of each 
voxel from time domain to frequency domain via Fast 
Fourier Transform (FFT) to obtain the power spectrum.

Table 1 Demographics and Visual Measurements Between Two Groups

PD Group HC Group T-values P-values

Gender (female) 28 28 N/A N/A
Age (years) 24.25±1.00 24.46±1.31 −0.684 0.497

Handedness 28 R 28 R N/A N/A

Education (years) 15.00±0.72 14.67±0.98 1.396 0.169
Visual analog scores 54.2±37.4 N/A N/A N/A

Note: Independent t-test was applied to assess the clinical features (means ± SD). 
Abbreviations: PD, primary dysmenorrhea; HC, health control.

Figure 1 Distribution patterns of ALFF variance (window lengths (30 TRs [60s]) were observed at the group level in PD and HC groups in the typical frequency band (0.01– 
0.08 Hz). (A) Different ALFF values between two groups. (B) The mean values of altered ALFF were shown with a histogram. (C). 
Abbreviations: ALFF, amplitude of low-frequency fluctuation; PD, primary dysmenorrhea; HC, health controls; L, left; R, right; CER, cerebelum_crus2; REG, rectus; SMA, 
supplementary motor area, right SFG, superior frontal gyrus, right supplementary motor area, left SFMG, superior frontal medial gyrus; right MTG, middle temporal gyrus; 
THA, thalamus.
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dALFF Computing
A sliding window approach was used to compute the dALFF.18 

For sliding-window approach, a window size of 50 TRs (100 s) 
and a window shifted by 10 TRs were selected.19

Clinical Evaluation
Clinical data were recorded, including age, sex, education 
levels.

Statistical Analysis
Independent-sample t-test was used to investigate the clin
ical features between two groups.

One-sample t-test was used to group patterns of zALFF 
and zdALFF maps. Two-sample t-test was used to assess 
two group differences in the zALFF and zdALFF maps. 
Gaussian random field (GRF) method was used to correct 
for multiple comparisons and regressed covariates of age 
and sex and FD (two-tailed, voxel-level P<0.01, GRF 
correction, cluster-level P<0.05).

Support Vector Machine Analysis
The SVM algorithm was performed based on the Pattern 
Recognition for Neuroimaging Toolbox (PRoNTo) 
software20 with the following steps: 1) the ALFF and 
dALFF maps served as classification feature. 2) The leave- 
one-out cross-validation (LOOCV) technique was used for 
SVM method. 3) For classification, the permutation test 
was used to investigate assess the total accuracy of this 
classification.21 The total accuracy, specificity, sensitivity, 
and area under the receiver operating characteristic curve 
(ROC) were determined to assess the classification perfor
mance of the machine learning model.

Verification Analyses
Two different window lengths (30 TRs [60 s] and 100 TRs 
[200 s]) were calculated in the validation analysis.

Results
Clinical Features
There were no any differences in age and gender between 
the two groups. (p>0.05) (Table 1).

ALFF Differences
The group mean of ALFF maps of the PD and HC 
(Figure 1A). Compared to the HC group, PD patients 
showed significant increased ALFF values in the right cer
ebelum_crus2, right rectus, left supplementary motor area, 
right superior frontal gyrus, right supplementary motor area, 
left superior frontal medial gyrus. Meanwhile, PD patients 
showed significant decreased ALFF values in the right mid
dle temporal gyrus and left thalamus (Figure 1B and 
Table 2). The mean values of altered ALFF maps are 
shown with a histogram (Figure 1C).

Dynamic ALFF Differences
The group mean of dALFF maps of the PD and HCs 
(Figure 2A). PD patients showed significant increased 
dALFF values in the right fusiform, Vermis_10, right 
middle temporal gyrus, right putamen, right insula, left 
thalamus, right precentral gyrus and right postcentral 
gyrus and left precuneus (Figure 2B and Table 3). The 
mean values of altered dALFF maps are shown with 
a histogram (Figure 2C).

SVM Classification Results
The SVM classification reached a total accuracy of 96.36% 
based on ALFF. The AUC of the classification model was 
1.0 based on ALFF. SVM analysis based on ALFF.function 
values of two groups (class 1: patient group; class 2: HC 
group) (Figure 3A); three-dimensional confusion matrices 
(Figure 3B); the AUC was 1.0 (Figure 3C); weight maps for 
SVM models (Figure 3D).

Table 2 Different ALFF Values Between Two Groups

Condition Brain Regions BA Peak T-Scores MNI Coordinates (x, y, z) Cluster Size (Voxels)

PD>HC Cerebelum_Crus2_R – 4.3423 27 −84 −24 189
PD>HC Rectus_R – 4.1772 24 18 −9 183

PD<HC Temporal_Mid_R – −5.1151 54 −63 9 2038

PD<HC Thalamus_L – −4.835 −6 −15 27 400
PD>HC Supp_Motor_Area_L – 5.8345 −12 −3 63 515

PD>HC Frontal_Sup_R 8 3.4208 18 30 39 45

PD>HC Supp_Motor_Area_R 6 5.0168 15 −15 66 333
PD>HC Frontal_Sup_Medial_L 8 4.2658 −3 30 57 109

Note: The statistical threshold was set at the voxel level with p<0.01 for multiple comparisons using Gaussian random-field theory. 
Abbreviations: ALFF, amplitude of low-frequency fluctuation; PD, primary dysmenorrhea; HC, health control; R, right; L, left; GRF, Gaussian random field.
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The SVM classification reached a total accuracy of 
85.45% based on dALFF. The AUC of the classification 

model was 0.95 based on dALFF. SVM analysis based on 
dALFF.function values of two groups (class 1: patient 

Table 3 Different dALFF Values Between Two Groups

Condition Brain Regions BA Peak T-Scores MNI Coordinates (x, y, z) Cluster Size (Voxels)

PD<HC Fusiform_R – −4.4563 36 −39 −21 99

PD<HC Vermis_10 – −4.6151 −12 −42 −27 87

PD<HC Temporal_Mid_R – −4.834 48 −51 0 975
PD<HC Putamen_R – −4.3334 33 −18 0 260

PD<HC Insula_R – −4.089 36 24 3 100

PD<HC Thalamus_L – −4.6586 −3 −15 27 179
PD<HC Precentral_R – −3.8885 60 6 21 40

PD<HC Postcentral_R 8 −5.2217 33 −60 60 417

PD<HC Precuneus_L – −4.6802 −3 −48 60 65

Note: The statistical threshold was set at the voxel level with p<0.01 for multiple comparisons using Gaussian random-field theory. 
Abbreviations: dALFF, dynamic amplitude of low-frequency fluctuation; PD, primary dysmenorrhea; HC, health control; R, right; L, left; GRF, Gaussian random field.

Figure 2 Distribution patterns of dALFF variance (window lengths (30 TRs [60s]) were observed at the group level in PD and HC groups in the typical frequency band 
(0.01–0.08 Hz). (A) Different dALFF values between two groups. (B) The mean values of altered dALFF was shown with a histogram. (C). 
Abbreviations: dALFF, dynamic amplitude of low-frequency fluctuation; PD, primary dysmenorrhea; HC, health controls; L, left; R, right; FUS, fusiform; VER, Vermis_10; 
MTG, middle temporal gyrus; PUT, putamen; INS, insula; THA, thalamus; PreCG, precentral gyrus; PosCG, postcentral gyrus; PreCUN, precuneus.
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group; class 2: HC group) (Figure 4A); three-dimensional 
confusion matrices (Figure 4B); the AUC was 0.95 
(Figure 4C); weight maps for SVM models (Figure 4D).

Verification Analyses
Distribution patterns of dALFF variance (window lengths 
(30 TRs [60s]) were observed at the group level in PD and 
HC groups (Figure S1A). Compared with HC group, the 
PD group showed significant decreased dALFF values in 
the right fusiform, right middle temporal gyrus, right 
superior temporal gyrus, left thalamus, right precentral 

gyrus and right postcentral gyrus (Figure S1B and Table 
S1). The mean values of altered dALFF between were 
shown with a histogram (Figure S1C).

Distribution patterns of dALFF variance (window 
lengths (100 TRs [200s]) were observed at the group level 
in PD and HC groups (Figure S2A). Compared with HC 
group, the PD group showed significant decreased dALFF 
values in the right middle temporal gyrus, right inferior 
parietal lobe and right postcentral gyrus (Figure S2B and 
Table S2). The mean values of altered dALFF between the 
two groups were shown with a histogram (Figure S2C).

Figure 3 SVM analysis based on ALFF.function values of two groups (class 1: patient group; class 2: HC group) (A); three-dimensional confusion matrices (B); the AUC was 
1.0 (C); weight maps for SVM models (D). 
Abbreviations: SVM, support vector machine; ALFF, amplitude of low-frequency fluctuations; AUC, area under the curve.
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Discussion
Our study aimed to investigate the effects of long-term 
menstrual pain on changes in static and dynamic ALFF in 
PD patients. Compared with the HC group, PD patients 
showed significant increased ALFF values in the right 
cerebellum_crus2, right rectus, left supplementary motor 
area, right superior frontal gyrus, right supplementary 
motor area, and left superior frontal medial gyrus. 
Additionally, PD patients showed significantly decreased 
ALFF values in the right middle temporal gyrus and left 
thalamus. PD patients also showed significantly increased 

dALFF values in the right fusiform, Vermis_10, right 
middle temporal gyrus, right putamen, right insula, left 
thalamus, right precentral gyrus, and right postcentral 
gyrus. Based on ALFF and dALFF values, the SVM 
classifier achieved respective overall accuracies of 
96.36% and 85.45% and respective AUCs of 1.0 and 0.95.

Our study demonstrated that PD patients had signifi
cant changes in ALFF and dALFF values in the right 
middle temporal gyrus and the left superior frontal medial 
gyrus; these are core brain regions within the default mode 
network (DMN). Previous studies indicated that chronic 

Figure 4 SVM analysis based on dALFF.function values of two groups (class 1: patient group; class 2: HC group) (A); three-dimensional confusion matrices (B); the AUC was 
0.95 (C); weight maps for SVM models (D). 
Abbreviations: SVM, support vector machine; dALFF, dynamic amplitude of low-frequency fluctuations; AUC, area under the curve.
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pain appears to reorganize the dynamics of the DMN.22–24 

Liu et al reported DMN-related abnormalities in PD 
patients, which might reflect the neurophysiological 
mechanism of this disease.25 Consistent with these pre
vious findings, we observed that PD patients had signifi
cant changes in ALFF and dALFF values in the DMN- 
related brain regions, which might reflect attention and 
mental flexibility deficits in PD patients.

The cerebellum has an important role in motor proces
sing. Previous neuroimaging studies demonstrated that the 
cerebellum is involved in pain or pain modulation.26,27 

Zhang et al demonstrated that PD patients had decreased 
ALFF in the posterior lobe of the right cerebellum.5 In 
accordance with the previous findings, the present study 
showed that PD patients had increased ALFF values in the 
right cerebellum_crus2 and decreased dALFF values in the 
Vermis_10. We speculate that higher brain activities in the 
cerebellum might contribute to long-term menstrual pain 
in PD patients.

Another important finding was that PD patients showed 
dysfunction in several subcortical nuclei (eg, right rectus, 
right putamen, right insula, and left thalamus). Previous 
neuroimaging studies demonstrated that these subcortical 
nuclei (ie, putamen, insula, and thalamus) have important 
roles in pain and pain-related emotional processing.28–31 

Lee et al found that PD patients showed increased theta 
activity in the right posterior insula during pain processing.8 

Furthermore, Dun et al observed lower gray matter density 
in the left anterior insula in PD patients, which might reflect 
the disconnection of pain attention and pain perception 
networks in these patients.32 The thalamus is a key region 
for the transmission of nociceptive information in the cen
tral modulation of pain. He et al demonstrated that changes 
in the white matter of thalamus-SI pathways were present in 
PD patients; changes in these pathways were closely asso
ciated with the degree of menstrual pain experienced by in 
PD patients.33 Shilan Quan found that treatment options of 
PD patients may be expanded from only being able to 
manage pain in the uterus focusing on the functional/struc
tural modifications of the pain processing system.34 Thus, 
we speculate that changes in static and dynamic brain 
activities in subcortical nuclei might contribute to long- 
term menstrual pain in PD patients.

In addition, we found that PD patients demonstrated 
significantly increased ALFF values in the supplementary 
motor area, whereas they showed significantly decreased 
dALFF values in the right precentral gyrus and right post
central gyrus. The sensorimotor network has a critical role 

in sensory function and is involved in pain coding.35,36 

Importantly, Wei et al demonstrated that PD patients had 
adaptive/reactive hyperconnectivity with the sensorimotor 
cortex during painful menstruation.37 On the basis of these 
findings, we presume that long-term pain might contribute 
to sensorimotor network dysfunction in PD patients.

In our study, the SVM classifier achieved respective over
all accuracies of 96.36% and 85.45% and respective AUCs of 
1.0 and 0.95. Thus, ALFF and dALFF may offer sensitive 
biomarkers for distinguishing patients with PD from HCs.

This study had several limitations. First, its small sample 
size might have reduced its ability to detect more alterations 
in neuronal activity. Second, the impacts of physiological 
noise were not completely eliminated, which may have con
founded blood oxygen level-dependent signals.

In conclusion, our study showed that PD patients had 
abnormal static and dynamic brain activities that involved 
the DMN, sensorimotor network, and pain-related subcortical 
nuclei. Moreover, ALFF and dALFF could serve as sensitive 
biomarkers for distinguishing patients with PD from HCs.

Abbreviation
PD, primary dysmenorrhea; HCs, healthy controls; ALFF, 
amplitude of low-frequency fluctuations; SVM, support vector 
machine; dALFF, dynamic amplitude of low-frequency fluc
tuations; ACC, anterior cingulate cortex; BOLD, blood- 
oxygenation-level dependent; FD, mean framewise displace
ment; FFT, Fast Fourier Transform; GRF, Gaussian random 
field, PRoNTo, Pattern Recognition for Neuroimaging 
Toolbox, LOOCV, leave-one-out cross-validation; ROC, recei
ver operating characteristic curve; DMN, default mode 
network.
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