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We present a test-retest dataset for evaluation of long-term reliability of measures from structural and
resting-state functional magnetic resonance imaging (sMRI and rfMRI) scans. The repeated scan dataset
was collected from 61 healthy adults in two sessions using highly similar imaging parameters at an interval
of 103–189 days. However, as the imaging parameters were not completely identical, the reliability
estimated from this dataset shall reflect the lower bounds of the true reliability of sMRI/rfMRI measures.
Furthermore, in conjunction with other test-retest datasets, our dataset may help explore the impact of
different imaging parameters on reliability of sMRI/rfMRI measures, which is especially critical for assessing
datasets collected from multiple centers. In addition, intelligence quotient (IQ) was measured for each
participant using Raven’s Advanced Progressive Matrices. The data can thus be used for purposes other
than assessing reliability of sMRI/rfMRI alone. For example, data from each single session could be used to
associate structural and functional measures of the brain with the IQ metrics to explore brain-IQ
association.

Design Type(s) Test-retest Reliability • repeated measure design

Measurement Type(s) nuclear magnetic resonance assay

Technology Type(s) MRI Scanner
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Background & Summary
Magnetic resonance imaging (MRI) is the predominant technique used to study the human brain1,2. The
same scanner can acquire a variety of image modalities, each of which provides unique information on
brain anatomy and function. Among them, structural and resting-state functional MRI (sMRI and
rfMRI) have been widely used for characterizing anatomical and functional properties of human
brains3–8.In particular, measures from sMRI/rfMRI can predict inter-individual variability in behavior
and cognition9–13. In a large number of these studies, MRI scan is conducted apart from the behavior test,
separated by a short- or long-term interval (ranging from several hours to several months11,14–17).
As brain structure and the temporal dynamics of resting-state activity are likely affected by various factors
including social experiences and emotional states12,18, an interesting question is whether measures
derived from sMRI and rfMRI are developmentally stable over these intervals.

Typically, scans repeated over a long-term interval are not believed to be developmentally equivalent;
the developmental effect is considered to be detected with a minimum interval of 3–6 months19.
Following this convention, in this study, we generated a public dataset to assess the degree of repeatability
in anatomical and functional measures from MRI scans acquired over the interval. As part of the
Consortium for Reliability and Reproducibility (CoRR) dataset, our data, together with those from 32
other laboratories, has been briefly described in the CoRR overview paper19. In this study, we show more
details on data collection and quality control. Specifically, the dataset consists of test and retest scans
collected with similar imaging parameters from 61 individuals. In each session, sMRI and rfMRI images
were acquired from each individual; the interval of repeated sessions ranged from 103 to 189 days. In
addition to MRI scans, after the first scan session, each participant took part in a Raven IQ test that
measured fluid IQ. Although the similar but not identical imaging parameters is not an ideal setting
(i.e., identical scan protocols) to evaluate the long-term reliability of measures from sMRI/rfMRI as
non-identical parameters could introduce additional inter-session variance, our test-retest dataset may
provide an estimate of the lower bound of the reliability of the measures. Moreover, the data could also be
used to assess the relationship between sMRI and rfMRI measures, the relationship between neural
measures and inter-individual differences in IQ, and even the relationship between individual inter-
session reproducibility of sMRI/rfMRI measures and individual IQ. Finally, in conjunction with other
publically available test-retest datasets, our data may help explore effects of imaging parameters
on the reliability of sMRI and rfMRI measures. To demonstrate the utility of this dataset, we first
calculated a series of quality metrics for both sMRI and rfMRI from each session, such as signal-to-noise
ratio and mean frame-wise displacement. We then compared the quality metrics from test and retest data
directly.

Methods
Participants
Sixty-one students (age: 19.3–23.3, mean age: 21.3; 46 female) from Beijing Normal University
participated in the study. All participants were free of psychiatric and neurological problems. Both
behavioral and MRI protocols were approved by the Institutional Review Board of Beijing Normal
University. Written informed consent was obtained from all participants prior to the experiment.
In addition, this study is part of an ongoing project named GEB^2 (Gene Environment Brain
& Behavior), which aims to investigate association among neural substrates, cognitive functions, and
genetic origins20–25.

Testing procedure
Each participant was invited to the institute three times. In the first visit, each participant took part in a
MRI scan, including a high-resolution sMRI scan and an rfMRI scan. After approximately one month
(average = 38.4 days, s.d. (SD)= 14.8 days), the participants returned to the institute for Raven IQ
testing. On the third visit, a retest MRI scan was conducted for each participant with a similar scanning
protocol. The imaging parameters of the second scan were slightly different from those of the first scan
because the data were not originally designed to evaluate the reliability of MRI measures; instead, the
datasets were from two different studies. The interval between the two MRI sessions ranged from 103 to
189 days (average= 160.5 days, SD= 15.6 days). All participants except one were scanned with an interval
more than 130 days, and the intervals of the two MRI sessions were summarized in Fig. 1. Details of each
test are described in the following sections.

MRI scan
All MRI scans were performed using a 3 T whole-body MR scanner (MAGENTOM Trio, a Tim system,
Siemens) with a 12-channel phased-array head coil at BNU Imaging Center for Brain Research, Beijing,
China. Acquisition parameters of the relevant sequences are summarized below.

sMRI scans. In the first session, a T1-weighted magnetization prepared gradient echo sequence
(MPRAGE) was used to acquire the high-resolution structural images: field of view (FOV)= 256 × 256
× 170 mm3, imaging matrix= 256 × 256 × 128, voxel size= 1 × 1 × 1.33 mm3, Time of Repetition
(TR)= 2530 ms, Time of Echo (TE)= 3.39 ms, Time of Inversion (TI)= 1100 ms, Flip Angle (FA)= 7°,
Bandwidth (BW)= 190 Hz/Px.
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In the second session, the same 3D MPRAGE sequence was used to generate high-resolution structural
images, but with slightly different parameters: FOV= 256 × 256 × 176mm3, imaging matrix= 256 × 256
× 176, voxel size= 1 × 1 × 1mm3, TR= 2530 ms, TE= 3.45 ms, TI= 1100 ms, FA= 7°, BW= 190 Hz/Px.

rfMRI scans. In each session, a resting-state fMRI scan was acquired using a T2*-weighted gradient-
echo echo-planar-imaging (GRE-EPI) sequence. Participants were instructed to ‘Relax without engaging
in any specific task, and remain still with your eyes closed during the scan.’ In the first session, the rfMRI
scan lasted 8 min and the imaging parameters were as follows: TR= 2000 ms, TE= 30 ms, FA= 90°,
number of slices= 33, imaging matrix= 64 × 64, FOV= 200 × 200 mm2, voxel size= 3.125 × 3.125 × 3.6
mm3, BW= 2520 Hz/Px.

The second rfMRI scans were acquired for each participant with the same instruction and GRE-EPI
sequence but with slightly different parameters: TR= 1500 ms, TE= 30 ms, FA= 90°, number of
slices= 25, imaging matrix= 64 × 64, FOV= 200 × 200mm2, acquisition voxel size= 3.125 × 3.125 × 4.8
mm3, BW= 2520 Hz/Px. The scan lasted 10.5 min.

Raven IQ test
Participants’ fluid IQ was measured using Raven’s Advanced Progressive Matrices (APM) test, as
participants were highly homogeneous (i.e., college students). The APM test contains 36 multiple-choice
items of abstract reasoning, in which participants were asked to identify the missing figure required to
complete a larger pattern. Thirty minutes were allotted for the test, and the number of correctly answered
items was used as a measure of each individual’s general cognitive ability. The raw scores on the APM test
for the 61 participants ranged from 17 to 35, with a mean of 26.9 (SD= 4.1). To describe the distribution
of the acquired Raven scores, we plotted the raw scores of all participants (Fig. 2). There was a high
variance among participants, suggesting that the test was sensitive to individual differences in fluid IQ.
Note that only the raw scores from Raven's APM test are presented in the figure. The IQ equivalent scores
generated from the raw scores are also provided in the phenotypic data sheet. The corresponding IQ was
calculated based on norms for undergraduate students26 (mean= 22.17, SD= 5.60) by z-score processing:

zi ¼ xi -Mð Þ=S
IQi ¼ 100þ zi ´ 15

where M is the mean of the normative sample, S is the SD of the normative sample, xi is the Raven raw
score of participant i, zi is participant i’s z-score, and IQi is the corresponding IQ estimate.

Data Records
All data records listed in this section are available from the CoRR consortium (DOI: 10.15387/fcp_indi.
corr.bnu2, Data Citation 1). In accordance with prior FCP/INDA policies, all NIfTI files were
anonymized to remove any information that could identify participants.

Phenotypic information and Raven IQ scores
Location: BNU_2_phenotypic_data.xls as supplementary table

File format: Excel file.

Figure 1. Intervals between two MRI sessions for all participants. Each vertical line corresponds to a

participant, and orange disks indicate the interval length.
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Basic demographic information including sex, age at the first scan, and handedness is provided in the
Excel file. The Raven raw score, IQ score generated from Raven score, and interval between two MRI
sessions for each participant are also provided in the file. Moreover, following standard CoRR protocol,
some scanning information is included in the data sheet to facilitate data aggregation across sites. The
information consists of the category of visual stimulation during rfMRI scans, design of the test-retest
scans (i.e., within session or between session), tasks that the participants undertook before the rfMRI
scans, duration of first MRI scan and Raven test, and season in which the scans were conducted.

sMRI scans
Location: suboID>/session_[1–2]/anat_1/anat.nii.gz

File format: NIfTI, gzip-compressed.

rfMRI scans
Location: suboID>/session_[1–2]/rest_1/rest.nii.gz

File format: NIfTI, gzip-compressed.
The scan parameters can found in the file BNU2_[test/retest]_scantable.pdf.

Technical Validation
All 3D volumes were visually inspected at the time of acquisition to check for severe head motion or other
potential artifacts. No severe artifacts were observed. To further quantitatively validate the technical
quality of the dataset, we calculated a series of quality metrics for both sMRI and rfMRI from each
session. These metrics overlap with the ones used by the CoRR overview paper19, enabling easier
comparison with datasets from other sites in the consortium. The metrics were calculated with the
same protocol as the overall CoRR datasets (http://preprocessed-connectomes-project.github.io/quality-
assessment-protocol/). We then evaluated the test-retest reliability of the scan quality by assessing the
similarity of metrics from two sessions.

Quality of sMRI
To evaluate the quality of the sMRI scans, we calculated a series of metrics. The definitions and
calculations of these metrics are introduced below:

Signal-to-noise ratio (SNR). It was defined as the mean within gray matter values divided by the standard
deviation of the air values.
Smoothness of voxels. It was calculated as the full-width half maximum (FWHM) of the spatial
distribution of image intensity values.
Contrast-to-noise ratio (CNR). It was calculated as the mean of the gray matter values minus the mean of
the white matter values, divided by the standard deviation of the air values.
Foreground to Background Energy Ratio (FBER).

For each metric, we first calculated the inter-session correlation across all participants to assess the
stability of the sMRI scans. As shown in Fig. 3, all metrics of scan quality show strong correlations

Figure 2. Raven raw scores of all participants. Each vertical line corresponds to a participant, and orange disks

indicate the raw scores from the Raven APM test.

www.nature.com/sdata/

SCIENTIFIC DATA | 3:160016 | DOI: 10.1038/sdata.2016.16 4

http://preprocessed-connectomes-project.github.io/quality-assessment-protocol/
http://preprocessed-connectomes-project.github.io/quality-assessment-protocol/


between two sessions. The results demonstrated no prominent discrepancy between the test and retest
scans as a whole, and that the scans were conducted under a good experimental control.

Other than the inter-individual variability, we further compared the mean of these metrics from two
sessions to quantitatively evaluate the difference between two sMRI scans. Table 1 shows that significant
differences were found for all metrics derived from sMRI scans, possibly caused by the different imaging
parameters. The effect of non-identical imaging parameters on the degree of repeatability of sMRI/rfMRI
measures can be further assessed by using the derived reliability from other datasets with identical
parameters as baseline.

Moreover, in order to provide a reference value for the quality of our data, the metrics of two other
public datasets in the CoRR project were calculated (BNU_1: http://fcon_1000.projects.nitrc.org/indi/
CoRR/html/bnu_1.html and BNU_3: http://fcon_1000.projects.nitrc.org/indi/CoRR/html/bnu_3.html),
which were derived from the same scanner as our data but with identical scanning parameters in both
sessions. As shown in Fig. 4, our sMRI data showed similar or even higher quality metrics (i.e., SNR,
CNR, and FBER) compared to the other two datasets, suggesting that the quality of our data is acceptable
for further processing.

Quality of rfMRI
A series of metrics were also calculated to characterize the quality of rfMRI scans.

(1) Mean frame-wise displacement (FD). A measure of individual head motion that compares the
motion between the current and previous volumes. This is calculated by summing the absolute value
of displacement changes in the x, y and z directions and the rotational changes about those three
axes. The rotational changes are transformed to distance values based on the changes across the
surface of a 50-mm radius sphere.

(2) Percent of volumes with FD greater than 0.2 mm.

Figure 3. Test-retest plots of quality metrics derived from sMRI images. The blue line indicates the correlation

between two sessions across all participants.
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(3) Standardized DVARS (D referring to temporal derivative of time series, VARS referring to root-
mean-square variance over voxels). The spatial standard deviation of the temporal derivative of the
data, normalized by the temporal standard deviation and temporal autocorrelation.

After calculating the head motion metrics, we first assessed the quality of rfMRI scans with inter-
session correlation analysis. We found a moderate test-retest reliability of head motion across participants
(Fig. 5). In addition, one outlier (ID: 0025932), who showed greater head motion than others (red
circles in Fig. 5), was visually detectable in the plots of MeanFD and Percent FD greater than 0.2mm.
The outlier might lead to strong correlation of head motion metrics across participants. Accordingly, we
re-computed the inter-session correlation after removing the outlier, and the moderate reliability of head
motion was replicated (MeanFD: r= 0.38, P= 0.003; Percent FD greater than 0.2 mm: r= 0.31, P= 0.02;
Mean DVARS: r= 0.38, P= 0.003), suggesting that individuals who showed more head motion in test

Modality Metric Session 1 Session 2 Paired t-test

sMRI SNR 19.88± 0.98 17.80± 0.82 P= 0.0001

FWHM 3.91± 0.02 3.36± 0.02 Po0.0001

CNR 11.05± 0.58 8.81± 0.42 Po0.0001

FBER 362.5± 40.4 268.6± 25.3 P= 0.0002

rfMRI Mean FD 0.094± 0.004 0.114± 0.003 Po0.0001

Percent FD greater than 0.2 mm 5.3± 0.88 7.21± 0.94 P= 0.08

Mean DVARS 20.8± 0.29 16.9± 0.26 Po0.0001

Table 1. Statistical description of quality metrics (mean± s.e.) from two MRI sessions. Two-tailed paired
t-tests were used to compare the means from the two sessions. Note: The statistics for rfMRI metrics were
calculated after removing the outlier participant 0025932. SNR: signal-noise-ratio; FWHM: full-width half
maximum; CNR: Contrast-to-noise ratio; FBER: Foreground to Background Energy Ratio; Mean FD: Mean
frame-wise displacement; DVARS: D, temporal derivative of time series, VARS, root-mean-square variance
over voxels.

Figure 4. Box plots of quality metrics derived from sMRI images. In order to provide a reference, the metrics

derived from datasets BNU_1 and BNU_3 are also shown.
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session are likely to have larger head motion in retest session. Similar results were also reported in
previous studies19,27, and one possibility is that intrinsic psychological factors, such as impulsivity, may
contribute to head motion21.

Next, we compared the mean of the MeanFD to evaluate the quality of rfMRI scans with two-tailed
pair-wise t-tests. As participant 0025932 showed excessive head motion in rfMRI scans, the participant
was removed from the analysis. In general, the mean FDs of two sessions were less than 0.2 mm, and only
a small percentage of frames showed large FD (about 6.3%). These results demonstrated that the rfMRI
data were acquired under a good quality control. Meanwhile, rfMRI images from session 2 showed
significant larger mean FDs than that of session 1 (Table 1). The difference may be caused by many
possible factors, such as tiredness and restlessness caused by the longer scanning time of session 2. In
addition, rfMRI data from session 1 showed a larger DVARS, suggesting that the data had a larger rate of
changes in BOLD signals across the entire brain at each frame. The phenomenon may be due to the
longer TR (2 s) compared with that of session 2 (1.5 s).

We also calculated these three quality metrics for the BNU_1 and BNU_3 datasets to provide a
reference for assessing the image quality of rfMRI images. As shown in Fig. 6, the rfMRI images in our
dataset were acquired with good quality control, showing a similar mean and smaller variance of head
motion measures across the participants when compared with the other two datasets.

Usage Notes
The present dataset can be used to evaluate the test-retest reliability of sMRI and rfMRI measures of other
datasets in the repertories of the CoRR. Our data are especially unique because of the long time interval

Figure 5. Test-retest plots of quality metrics derived from rfMRI images. Blue line indicates correlation

between the two sessions across all participants. Red circle indicates one outlier (ID: 0025932) who had larger

head motion during rfMRI scanning.

Figure 6. Box plots of quality metrics derived from rfMRI images. In order to provide a reference, the metrics

derived from datasets BNU_1 and BNU_3 are also shown.
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between the test and retest sessions. Thus, the data is particularly suitable for assessment of the long-term
test-retest reliability of sMRI and rfMRI measurements. It should be noted that the reliability of the
sMRI/rfMRI measures derived from our dataset can only be regarded as the lower bound of the true
reliability because non-identical parameters may introduce some additional inter-session variability in the
data, and thus cause the underestimate of the true reliability of the derived sMRI/rfMRI measures.

Besides the evaluation of the structural and functional measures from the sMRI/rfMRI scans, the data
can serve many other purposes. First, it can be used to assess the relationship between structure and
resting-state function at the same time point. Second, the data could aid in assessing the predictability of
IQ based on sMRI or/and rfMRI measures. Third, the data can be used to evaluate the reliability in
predicting human IQ over different sessions, and even the relationship between the inter-session
reproducibility of neural measures and individual IQ. Fourth, when combined with other publically
available test-retest datasets with identical parameters, our data can help explore the impact of different
imaging parameters on the reliability of sMRI and rfMRI metrics. Finally, another interesting question
deals with the reliability of brain region connectivity measures derived from sMRI. Without using
diffusion tensor imaging or rfMRI, many studies have shown that inter-regional relationship metrics can
be extracted from anatomical images to some extent, which may reflect properties of connectivity
information among brain regions28,29 and provide new insight to the investigation of brain networks.
However, these new metrics highly depends on image quality, and the test-retest reliability is less clear.
Our shared data could be used to address this issue.

This dataset is shared in documented standard formats, such as NIfTI or Excel files, to enable further
processing in arbitrary analysis environments with no imposed dependencies on proprietary tools.

References
1. Aue, T., Lavelle, L. A. & Cacioppo, J. T. Great expectations: What can fMRI research tell us about psychological phenomena? Int.
J. Psychophysiol. 73, 10–16 (2009).

2. Smith, K. Brain imaging: fMRI 2.0. Nature 484, 24–26 (2012).
3. Biswal, B., Zerrin Yetkin, F., Haughton, V. M. & Hyde, J. S. Functional connectivity in the motor cortex of resting human brain
using echo-planar mri. Magn. Reson. Med. 34, 537–541 (1995).

4. Lenroot, R. K. & Giedd, J. N. Brain development in children and adolescents: Insights from anatomical magnetic resonance
imaging. Neurosci. Biobehav. Rev. 30, 718–729 (2006).

5. Fox, M. D. & Raichle, M. E. Spontaneous fluctuations in brain activity observed with functional magnetic resonance imaging. Nat.
Rev. Neurosci. 8, 700–711 (2007).

6. Yu-Feng, Z. et al. Altered baseline brain activity in children with ADHD revealed by resting-state functional MRI. Brain Dev. 29,
83–91 (2007).

7. Bullmore, E. & Sporns, O. Complex brain networks: graph theoretical analysis of structural and functional systems. Nat. Rev.
Neurosci. 10, 186–198 (2009).

8. Taubert, M. et al. Dynamic Properties of Human Brain Structure: Learning-Related Changes in Cortical Areas and Associated
Fiber Connections. J. Neurosci. 30, 11670–11677 (2010).

9. Maguire, E. A. et al. Navigation-related structural change in the hippocampi of taxi drivers. Proc. Natl. Acad. Sci. 97,
4398–4403 (2000).

10. Hampson, M., Driesen, N. R., Skudlarski, P., Gore, J. C. & Constable, R. T. Brain Connectivity Related to Working Memory
Performance. J. Neurosci. 26, 13338–13343 (2006).

11. Di Martino, A. et al. Relationship Between Cingulo-Insular Functional Connectivity and Autistic Traits in Neurotypical Adults.
Am. J. Psychiatry 166, 891–899 (2009).

12. Kanai, R. & Rees, G. The structural basis of inter-individual differences in human behaviour and cognition. Nat. Rev. Neurosci. 12,
231–242 (2011).

13. Lu, H. et al. The brain structure correlates of individual differences in trait mindfulness: a voxel-based morphometry study.
Neuroscience 272, 21–28 (2014).

14. Zhu, Q., Zhang, J., Luo, Y. L. L., Dilks, D. D. & Liu, J. Resting-state neural activity across face-selective cortical regions is
behaviorally relevant. J. Neurosci. 31, 10323–10330 (2011).

15. Wei, T. et al. Predicting Conceptual Processing Capacity from Spontaneous Neuronal Activity of the Left Middle
Temporal Gyrus. J. Neurosci. 32, 481–489 (2012).

16. Yuan, K. et al. Amplitude of Low Frequency Fluctuation Abnormalities in Adolescents with Online Gaming Addiction. PLoS ONE
8, e78708 (2013).

17. Wong, C. W. et al. Resting-State fMRI Activity Predicts Unsupervised Learning and Memory in an Immersive Virtual Reality
Environment. PLoS ONE 9, e109622 (2014).

18. Zuo, X.-N. & Xing, X.-X. Test-retest reliabilities of resting-state FMRI measurements in human brain functional connectomics: A
systems neuroscience perspective. Neurosci. Biobehav. Rev. 45, 100–118 (2014).

19. Zuo, X.-N. et al. An open science resource for establishing reliability and reproducibility in functional connectomics. Sci. Data 1,
140049 (2014).

20. Kong, F. et al. Different neural pathways linking personality traits and eudaimonic well-being: a resting-state functional magnetic
resonance imaging study. Cogn. Affect. Behav. Neurosci. 15, 299–309 (2014).

21. Kong, X. et al. Individual Differences in Impulsivity Predict Head Motion during Magnetic Resonance Imaging. PLoS ONE 9,
e104989 (2014).

22. Huang, L. et al. Individual differences in cortical face selectivity predict behavioral performance in face recognition. Front Hum
Neurosci. 8, 483 (2014).

23. Wang, X. et al. The network property of the thalamus in the default mode network is correlated with trait mindfulness.
Neuroscience 278, 291–301 (2014).

24. Xu, M. et al. Regional amplitude of the low-frequency fluctuations at rest predicts word-reading skill. Neuroscience 298,
318–328 (2015).

25. Zhang, L., Liu, L., Li, X., Song, Y. & Liu, J. Serotonin transporter gene polymorphism (5-HTTLPR) influences trait anxiety by
modulating the functional connectivity between the amygdala and insula in Han Chinese males. Hum. Brain Mapp. 36,
2732–2742 (2015).

26. Bors, D. A. & Stokes, T. L. Raven’s Advanced Progressive Matrices: Norms for First-Year University Students and the
Development of a Short Form. Educ. Psychol. Meas. 58, 382–398 (1998).

www.nature.com/sdata/

SCIENTIFIC DATA | 3:160016 | DOI: 10.1038/sdata.2016.16 8



27. Yan, C.-G. et al. A comprehensive assessment of regional variation in the impact of head micromovements on functional
connectomics. NeuroImage 76, 183–201 (2013).

28. Ecker, C. et al. Intrinsic gray-matter connectivity of the brain in adults with autism spectrum disorder. Proc. Natl. Acad. Sci. 110,
13222–13227 (2013).

29. Kong, X. et al. Measuring individual morphological relationship of cortical regions. J. Neurosci. Methods 237, 103–107 (2014).

Data Citation
1. Liu, J., Zhen, Z. & Huang, L. Functional Connectomes Project International Neuroimaging Data-Sharing Initiative. http://dx.doi.
org/10.15387/fcp_indi.corr.bnu2 (2014).

Acknowledgements
This study was funded by the National Natural Science Foundation of China (31230031, 31221003,
31471067 and 31470055), the National Social Science Foundation of China (13&ZD073, 14ZDB160), and
Changjiang Scholars Programme of China.

Author Contributions
J.L. and Z.Z. designed this study, L.H. and Z.Z. collected the data, L.H. and T.H. performed the data
analysis, L.H., Z.Z. and J.L. wrote the manuscript.

Additional Information
Supplementary Information accompanies this paper at http://www.nature.com/sdata

Competing financial interests: The authors declare no conflict of interest.

How to cite this article: Huang, L. et al. A test-retest dataset for assessing long-term reliability of brain
morphology and resting-state brain activity. Sci. Data 3:160016 doi: 10.1038/sdata.2016.16 (2016).

This work is licensed under a Creative Commons Attribution 4.0 International License. The
images or other third party material in this article are included in the article’s Creative

Commons license, unless indicated otherwise in the credit line; if the material is not included under the
Creative Commons license, users will need to obtain permission from the license holder to reproduce the
material. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0

Metadata associated with this Data Descriptor is available at http://www.nature.com/sdata/ and is released
under the CC0 waiver to maximize reuse.

www.nature.com/sdata/

SCIENTIFIC DATA | 3:160016 | DOI: 10.1038/sdata.2016.16 9

http://dx.doi.org/10.15387/fcp_indi.corr.bnu2
http://dx.doi.org/10.15387/fcp_indi.corr.bnu2
http://www.nature.com/sdata
http://creativecommons.org/licenses/by/4.0
http://www.nature.com/sdata/

	A test-retest dataset for assessing long-term reliability of brain morphology and resting-state brain activity
	Background & Summary
	Methods
	Participants
	Testing procedure
	MRI scan
	sMRI scans
	rfMRI scans

	Raven IQ test

	Data Records
	Phenotypic information and Raven IQ scores
	sMRI scans
	rfMRI scans

	Technical Validation
	Quality of sMRI
	Quality of rfMRI

	Usage Notes
	Additional Information
	Acknowledgements
	References


