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An fMRI dataset for investigating 
language control and cognitive 
control in bilinguals
Tingting Guo   1, Xuedi Liu1, Mo Chen2, Yongben Fu3 & Taomei Guo   1 ✉

The neural correlation between language control and cognitive control in bilinguals remains an area 
ripe for further exploration. In this work, we present a functional magnetic resonance imaging (fMRI) 
dataset that simultaneously examines both types of control in 77 healthy, unrelated Chinese-English 
bilinguals. Each participant completed a language switching task to assess language control and 
a rule switching task to evaluate cognitive control while undergoing functional MRI scanning. We 
collected structural imaging data, task-related functional imaging data, and behavioral data from 
the participants. Additionally, their language proficiency and domain-general cognitive ability were 
recorded after the scanning. This dataset was released early to facilitate the exploration of the neural 
relationship between language control and cognitive control, promoting its broader use and benefiting 
the scientific community. It is well-suited for the study of causality analysis, representational similarity 
analysis and the prediction model construction.

Background & Summary
For bilinguals, cross-language competition during language production calls for the involvement of language 
control1. It has been shown that there is a close relationship between language control and domain-general cog-
nitive control2–4. Over the past decade, many neuroimaging studies have attempted to examine the neural over-
lapping and dissociation between these two types of cognitive processes5–7. Some of our studies have revealed 
how cortical and subcortical brain regions coordinate to work for language control and cognitive control7.

However, with the ongoing deepening and diversification of data analysis methods, there is still great poten-
tial for further exploration of the relationship between language control and cognitive control. To support this 
endeavor, we present an fMRI dataset capturing the neural processing of 77 Chinese-English bilinguals as they 
perform language control and cognitive control tasks. In the language control task, participants were required 
to name pictures in either their native language (Chinese) or their second language (English) based on given 
cues. In the cognitive control task, participants needed to respond to the direction of arrows according to differ-
ent rules indicated by cues. The two tasks were carefully balanced in terms of sequence, procedure design, and 
experimental environment to facilitate direct comparison of the two types of brain processing. In addition to 
structural and functional MRI data, behavioral data and relevant ability scores were also collected.

The current dataset includes data from 77 participants in our previous studies7–9 with each addressing distinct 
research questions using different analytical approaches: Chen et al., 2019 utilized data from these participants’ 
cognitive control tasks, focusing on group differences (experimental vs. control) by comparing brain activation 
between incongruent and congruent conditions using General Linear Model (GLM) methods; Wu et al., 2019 
investigated differences in effective connectivity networks between two tasks by using the extended unified 
structural equation modeling (euSEM) approach to extract time series based on event onsets; Yuan et al., 2021 
used data from both tasks of these participants, applying euSEM to extract time series and examine the effects 
of task order on effective connectivity.

Although we have previously published results from a subset of participants in this dataset7–9, the raw and 
unprocessed nature of the shared dataset offers ample opportunities for reuse and extension, enabling research-
ers to apply diverse fMRI data analysis methods tailored to their specific research questions. For example, 
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future work using this dataset could employ representational similarity analysis or multivoxel pattern anal-
ysis to assess similarities between tasks10–12. Causal analyses, such as granger causality analysis or dynamic 
causal modeling13–15, are also well-suited to these data, allowing for exploration of the dynamic functional con-
nectivity between language and cognitive control. Additionally, by integrating machine learning algorithms, 
connectome-based prediction models could be developed to predict psychological states from physiological 
data16,17. The structural images can also be combined with functional imaging or/and behavioral data to offer 
novel neurobiological insights into the relationship between language and cognitive control18,19. Moreover, the 
dataset is formatted in the brain imaging data structure (BIDS)20 and is publicly available on OpenNeuro.org21–23, 
making it easily integrable with other datasets for large-scale meta-analyses or cross-study comparisons. In sum-
mary, the dataset’s rich and diverse data, combined with its compatibility with modern analytical techniques, 
provides a valuable resource for advancing research in this field. We hope this publication will inspire further 
exploration and benefit the scientific community.

Methods
Participants.  A total of 77 Chinese-English bilinguals (34 females), aged 19 to 30 years (M = 22.2 years, 
SD = 2.2 years) with normal general cognitive ability (Raven score range = 44–60, M = 56.19, SD = 3.66) partici-
pated in the present study. They were all right-handed with normal or corrected-to-normal vision, and reported 
no psychiatric or neurological disorders. All participants were recruited by posting fliers on campus and were 
paid for their participation (CNY¥100 per hour).

Language ability assessments.  They were all native Chinese speakers and began to learn English as a 
second language around the age of 9.4 years (SD = 2.6 years). They all passed the College English Test Band 4 
(CET-4; M = 521.45, SD = 51.85, full score = 710), an obligatory normalized English test for college students in 
China. According to their self-rating scores for both languages on a 10-point scale for listening, speaking, reading, 
and writing, their proficiency in Chinese (M = 8.40, SD = 1.15) was higher than in English (M = 5.65, SD = 1.25; 
t(76) = 16.27, p < 0.001), indicating that they were relatively proficient, but Chinese-dominant bilinguals.

It should be noted that the CET-4 score is based on a norm-referenced approach. The norming group con-
sists of approximately 30,000 non-English major candidates selected from 16 universities across China. The 
raw scores from each examination, after equating, are converted into reported scores using a norming formula. 
According to information disclosed by the CET-4 organizing authority, the National Education Examinations 
Authority of the Ministry of Education of China (https://cet.neea.edu.cn/html1/folder/19081/5124-1.htm), the 
normative percentile ranks corresponding to different score ranges are shown in Table S1 (see Supplementary 
Information document).

Ethical approval.  All procedures performed in studies involving human participants were in accordance 
with the ethical standards of the institutional and/or national research committee and with the 1964 Helsinki 
Declaration and its later amendments or comparable ethical standards. All participants gave their written 
informed consent to participate in the study and to publicly share their de-identified data. Before the experiment, 
they were given sufficient time to carefully read and sign the informed consent form. They were also encouraged 
to consult our research team with any questions or concerns, ensuring full understanding of the study’s terms and 
procedures. This study was approved by the Institutional Review Board of the Imaging Center for Brain Research 
of Beijing Normal University under Protocol Number ICBIR_A_0012_003.

Procedures.  All participants performed the language control task and the cognitive control task in the MRI 
scanner after a brief practice. The order of tasks was counterbalanced across participants. The formal experiment 
in the scanner included two runs for each task. Each run lasted 5.5 minutes. An 8-minute anatomical scan was 
applied afterward. Participants were allowed to take a break between runs, thus the whole scanning lasted about 
40 minutes. Each run consisted of 82 trials, with the first two trials added as fillers to eliminate data from the 
statistical analyses for the instability of the magnetic field. Thus each of the two tasks contained 160 formal trials.

Due to technical limitation, we did not record participants’ naming responses in the scanner. To obtain their 
naming data for language control performance metrics, participants repeated the language control task in a 
behavioral laboratory after MRI scanning. The laboratory session for the language control task was conducted in 
a sound-attenuated room using the same task paradigm as in the scanner, ensuring consistency in task demands 
while allowing for precise behavioral data collection. After that, participants also completed a questionnaire on 
language learning history and proficiency and then performed the Raven’s Standard Progressive Matrices task24 
to measure their general cognitive ability25,26.

Tasks.  The language switching task and rule switching task were used to examine the neural correlates associ-
ated with language control and cognitive control, respectively. Thus, we would consistently refer to the two tasks 
as the language control task and the cognitive control task in the following. Stimuli were presented via E-Prime 
2.0 (RRID:SCR_009567, Psychology Software Tools, Pittsburgh, PA).

The language control task.  Forty-eight line drawings of common objects were selected from the database of 
Snodgrass and Vanderwart27 as stimuli for the task. Eight of these drawings were used as practice trials or fillers. 
Participants were instructed to name a picture in either Chinese or English according to the cue (i.e., a red or 
blue frame of the picture). Specifically, if the frame was red, participants needed to name the picture in Chinese; 
if the frame was blue, they needed to name the picture in English (see Fig. 1). They were asked to name the 
picture in a soft voice to eliminate possible head motions. The color-language assignment was counterbalanced 
across participants. The change in the frame color between the current trial and the former trial indicated that 
participants needed to switch the language, whereas the same color as the former trial signaled that they should 
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maintain the same language. This created switch and non-switch conditions, each containing 80 trials. For each 
trial, a fixation point was presented for 0.3 s, followed by a blank screen for 0.2 s. Then, a picture was presented at 
the center of the screen for 1 s. Participants were instructed to respond as quickly and accurately as possible. The 
inter-stimuli intervals were pseudo-randomly varied to present a blank screen for 1, 2, 3, or 4 s to better estimate 
the blood-oxygen-level-dependent (BOLD) response in MRI scans.

The cognitive control task.  Blue and red arrows pointing left or right were used as stimuli for the task. 
Participants were instructed to respond to each arrow following different rules according to the cue which was 
the arrow’s color (red or blue). Specifically, if the arrow was red, participants needed to press the key on the 
same side as the arrow’s direction; if the arrow was blue, they needed to press the key in the opposite direction 
(see Fig. 1). The color-rule assignment was counterbalanced across participants. A change in the arrow’s color 
between the current trial and the former trial indicated that participants needed to switch the rule, whereas 
the same color as the former trial signaled that they should maintain the same rule. This created switch and 
non-switch conditions, each containing 80 trials. For each trial, a fixation point was presented for 0.2 s, followed 
by a blank screen for 0.3 s. Then, an arrow was presented at the center of the screen for 1 s. Participants were 
instructed to respond as quickly and accurately as possible. The inter-stimuli intervals were pseudo-randomly 
varied to present a blank screen for 1, 2, 3, or 4 s to better estimate the BOLD response in MRI scans.

Neuroimaging data collection.  Whole brain image data were acquired by a 3-Tesla Trio MRI scanner 
(Siemens Healthineers, Erlangen, Germany) at the MRI Center of Beijing Normal University. During scanning, 
participants laid down with their heads fixed to minimize the head motion. In each task session, 164 functional 
T2*-weighted echo-planar images (EPI) were acquired using an event-related design with the following param-
eters: slice number = 33, TR (repeated time) = 2000 ms, TE (echo time) = 20 ms, flip angle = 90°, field-of-view 
(FOV) = 200 × 200 mm2, matrix size = 64 × 64, resolution within slices = 3.125 × 3.125 mm², slice thickness/
gap = 4.0/0.8 mm. 144 high-resolution T1-weighted anatomical images were also obtained using the following 
scan parameters: TR = 2530 ms, TE = 3.39 ms, flip angle = 7°, FOV = 256 × 256 mm², matrix size = 256 × 256, 
resolution within slices = 1.0 × 1.0 mm², slice thickness = 1.33 mm. All images were interleaved from bottom to 
top in the whole-brain acquisition.

Neuroimaging data processing.  DICOMs were first converted to NIfTI form using dcm2niix28 and 
organized into BIDS 1.8.020 (RRID:SCR_016124) using a heuristic-centric DICOM converter (HeuDiConv; 
RRID:SCR_017427) 1.1.6. To ensure anonymization, all structural data have been defaced using pydeface 2.0.2 
(https://github.com/poldracklab/pydeface) and the data collection dates have been replaced with a random time.

The preprocessing steps were implemented using the standard pipeline of fMRIPrep 24.0.029 
(RRID:SCR_016216), which is based on Nipype 1.8.630 (RRID:SCR_002502). For structural data, the T1w 
image was corrected for intensity non-uniformity (INU) using the N4BiasFieldCorrection31 (from ANTs 2.5.132, 
RRID:SCR_004757) and served as the T1w reference for subsequent steps. Skull-stripping was performed using 
the antsBrainExtraction.sh workflow (from ANTs). Brain tissue into cerebrospinal fluid (CSF), white matter 
(WM), and gray matter (GM) was conducted using FAST33 (from FSL, RRID:SCR_002823). Spatial normali-
zation to the standard MNI152NLin2009cAsym space was achieved through nonlinear registration using ants-
Registration (from ANTs), applied to both the brain-extracted T1w reference and the T1w template. The ICBM 
152 Nonlinear Asymmetrical template version 2009c34 (RRID:SCR_008796) was selected for normalization and 
accessed via TemplateFlow 24.2.035.

For functional data of each participant, preprocessing of four BOLD runs also followed a standardized 
pipeline. A reference volume was created using a custom fMRIPrep method to facilitate head motion correc-
tion. Head-motion parameters, including transformation matrices and six rotation/translation components, 

Fig. 1  Schematic illustration of the two tasks. The color-language/rule assignment was counterbalanced 
across participants. For each participant, the correspondence between the language and the rule was fixed; for 
example, if red was associated with “naming in Chinese” in the language control task, it also indicated that red 
corresponded to “pressing the same direction” in the cognitive control task.
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were estimated using mcflirt36 (from FSL) prior to spatiotemporal filtering. The BOLD reference was then 
co-registered to the T1w reference using mri_coreg (from FreeSurfer) followed by a boundary-based registra-
tion37 cost function through flirt38 (from FSL). Co-registration was performed with six degrees of freedom to 
optimize spatial alignment.

Following preprocessing, a comprehensive set of potential confounds (or nuisance regressors) was generated 
to support researchers in selecting the most appropriate denoising strategy for downstream analyses. These 
included framewise displacement (FD), DVARS, and three region-wise global signals derived from the CSF, 
WM, and whole-brain masks39. Additionally, component-based noise correction (CompCor) was applied, with 
principal components calculated separately for temporal (tCompCor) and anatomical (aCompCor) variants40. 
For detailed descriptions of the confounds’ principles and computational methods, please refer to the fMRIPrep 
documentation (https://fmriprep.org/en/stable/outputs.html#confounds).

Quality assurance.  For the cognitive control task, behavioral data quality was assessed by examining error 
trials. A high proportion of error trials would indicate either that the participant failed to successfully complete 
the task or that unexpected technical malfunctions occurred during data collection. For the language control task, 
due to technical limitations, verbal responses could not be recorded during scanning. We ensured data validity 
through experimenter monitoring of real-time task engagement, and behavioral performance verification after 
scanning.

For the neuroimaging data, a set of image quality metrics (IQMs) were generated using MRIQC 21.0.0rc241 
(RRID: SCR_022942). The provided IQMs can be used to exclude outlier runs and subjects or as covariates for 
higher-level analysis. This is especially useful when there are differences between groups of interest in motion 
and other aspects of image quality that may induce spurious results. From the IQMs generated by MRIQC, a 
subset of representative metrics was selected for statistical analysis to ensure data quality and interpretability. 
For structural images, we evaluated the contrast-to-noise ratio (CNR) and the full-width at half-maximum 
(FWHM), which are critical indicators of spatial resolution and signal clarity42–44. For functional images, we 
assessed the frame displacement (FD) and the temporal signal-to-noise ratio (tSNR), as these metrics are widely 
recognized for their relevance to motion artifacts and temporal stability in fMRI data42–44.

Generation of single-trial BOLD response.  For the convenience of potential users, we also provided 
single-trial estimates of BOLD responses through the Least-Squares Separate (LSS) technique. This technique is 
a robust signal estimation method commonly used in rapid event-related designs, helping to reduce collinearity 
between estimates45–47.

The BOLD response for each preprocessed image was estimated by the General Linear Model (GLM) with 
local autocorrelation correction48 using FMRI Expert Analysis Tool (FEAT) 6.0.049, part of FMRIB Software 
Library (FSL) 6.0.3. We fitted a separate GLM for each stimulus, with the trial of interest modeled as one regres-
sor and all non-target trials collapsed into another regressor. Each model included data only from the same 
run. The duration of each regressor was defined as 1 s, matching the stimulus presentation period from onset 
to offset. All regressors were convolved with a double-gamma hemodynamic response function and high-pass 
filtered (with the cut-off at 100 s). Confounds from the fMRIprep outputs was selected for each model, following 
the single-trial assessment methods described by Smith43. These confounds comprised FD, three translation and 
rotation motion parameters, non-steady state volumes, cosine basis functions for temporal filtering, and the first 
six anatomical CompCor regressors. No smoothing was applied, and non-brain voxels were removed using the 
Brain Extraction Tool (BET)50. Grand-mean intensity normalization was applied to the 4D NIfTI image by a 
single multiplicative factor.

Data Records
The dataset is publicly available at OpenNeuro ds00545551 (https://doi.org/10.18112/openneuro.ds005455.v1.1.5). 
All data are structured in compliance with the BIDS standard 1.8.020, which is an increasingly popular frame-
work for describing imaging data in a standardized format. The file named participants.tsv contains demo-
graphic information and relevant test scores for all participants, as well as the behavioral results of the language 
control task which were collected in the behavioral laboratory and organized by conditions. Refer to Table S2 
(see Supplementary Information document) for the complete data dictionary.

Raw data.  Each participant’s raw data is organized in participant-specific directories with the naming 
scheme < sub-XXX > . Within each directory, the ‘anat’ subdirectory contains structural MRI data that has been 
anonymized through defacing, while the ‘func’ subdirectory includes the functional data in its raw, unprocessed 
state. The data are organized using key-value pairs: “sub- < value > ” for participant identifiers, “task- < value > ” 
for task types (LanguageControl or CognitiveControl), and “run- < value > ” for separate acquisitions under 
identical parameters, subject, and task conditions. The.json files contain information about the acquisition 
parameters. Event-related data are stored in *_events.tsv files, with detailed descriptions provided in the respec-
tive data dictionaries: cognitive control task and language control task (see Table S2).

Derivatives.  The ‘derivatives’ directory contains three sub-directories: “mriqc”, “tsnr” and “singletrial”.

‘mriqc’ directory.  This directory contains the output from MRIQC, including group-level quality metrics 
for raw structural and functional images, stored in group_T1w.tsv and group_bold.tsv, respectively. The data 
dictionaries for these files are summarized in Table S2. Additionally, the directory provides summary reports 
for structural and functional images in the form of group_T1w.html and group_bold.html, which offer visu-
alizations and statistical summaries of image quality metrics. Participant-specific subdirectories organize files 
describing raw image quality for each participant, task, and run.
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‘tsnr’ directory.  This directory includes volumetric images for each participant, task, and run, representing the 
temporal signal-to-noise ratio (tSNR) computed as the mean signal divided by the standard deviation of the cor-
responding functional image. Additionally, it contains whole-brain mean tSNR images computed for each task.

‘singletrial’ directory.  This directory stores single-trial estimates for each participant, with individual data 
organized in participant-specific subdirectories. Inside each subdirectory, a 4D NIfTI image represents a single 
run of a specific task, where each volume corresponds to a trial arranged in chronological order.

Technical Validation
We performed several procedures to validate our behavioral data, structural and functional neuroimaging 
data. For each type of data, we presented the results for all participants. For the functional imaging results, we 
reported comparisons between the two tasks. Although differences between tasks might not be the focus of most 
studies, other studies may need to control for these differences. We note that no data have been excluded from 
the published dataset. Thus, users may confirm whether to exclude any data. The results of these validations are 
as follows.

Behavioural data.  Error rate for each task was examined to ensure sufficient trials for further analyses. For 
the language control task, behavioral data were collected during a separate laboratory session after scanning. For 
the cognitive control task, behavioral data were recorded directly during scanning. The switching costs (switch 
vs. non-switch condition) in response time data were calculated separately for the language control task and 
cognitive control task.

In both tasks, a relatively low error rate (M = 3.99%, SD = 3.42% for the language control task; M = 2.72%, 
SD = 2.50% for the cognitive control task) was observed, indicating that participants were able to complete the 
tasks successfully. Paired t-test results for response times revealed that switch trials (M = 904 ms, SD = 125 ms) 
were significantly longer than non-switch trials (M = 864 ms, SD = 114 ms), t(76) = 10.00, p < 0.001 in the lan-
guage control task; and in the cognitive control task, switch trials (M = 606 ms, SD = 106 ms) were significantly 
longer than non-switch trials (M = 571 ms, SD = 97 ms), t(76) = 10.64, p < 0.001. These results demonstrated a 
significant switching cost in both tasks.

Structural neuroimaging data.  The quality of neuroimaging images was validated and assessed using 
MRIQC. We first checked the the contrast-to-noise ratio (CNR), an extension of the signal-to-noise ratio (SNR) 
calculation to evaluate how separated the tissue distributions of grey and white matter are52. All participants had 
high CNR (M = 3.89, SD = 0.28), indicating clear separation between grey and white matter tissues. Then we 
examined the full-width at half-maximum (FWHM) of the spatial distribution of the image intensity values in 
units of voxels53, which can serve as a reference for data smoothness. We observed low values for each participant 
(M = 3.63, SD = 0.16), indicating that data smoothness was well-maintained. This information can also guide 
other processing choices, such as the amount of smoothing to apply or whether to smooth to a predetermined 
level of smoothing54.

Functional neuroimaging data.  During MRI scanning, assessing and minimizing motion is undoubtedly 
crucial because high amounts of head motion result in low data quality and validity. Therefore, we first checked 
the extent of head motion in each task, with particular attention to frame displacement (FD), which summarizes 
the volume-to-volume changes in head position. The FD distribution across tasks is shown in Fig. 2. In both 
tasks, participants showed relatively low average FD (M = 0.15, SD = 0.05 for the language control task; M = 0.09, 
SD = 0.03 for the cognitive control task), indicating very minimal head motions. However, the difference between 
the two tasks was significant, t(76) = 12.00, p < 0.001, showing that participants exhibited more head motion 
during the language control task compared to the cognitive control task. Considering that participants needed to 

Fig. 2  Functional data quality metrics by task. Left panel displays framewise displacement (FD) distributions, 
while right panel shows temporal signal-to-noise ratio (tSNR) distributions. Violin plots represent group-level 
data distributions, with individual points indicating subject means (averaged across 2 runs per subject). Central 
horizontal lines mark group medians, and error bars denote interquartile ranges (25th–75th percentiles). Data 
were extracted from the group_bold.tsv file in the MRIQC derivatives directory.
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verbally name pictures in the language task, greater head movement is reasonable compared to the cognitive task, 
which only required button presses, despite our instructions to minimize movement.

Next, we examined the temporal SNR (tSNR) in each task. The tSNR, a commonly used metric for charac-
terizing acquisition performance55, can effectively identify data severely compromised by head motion, RF coil 
issues, or other imaging artifacts; low tSNR indicates low-quality and potentially problematic functional data. 
The tSNR distribution across task is visualized in Fig. 2. We found that the average tSNR of each participant 
was high (M = 71.66, SD = 10.07 for the language control task; M = 79.64, SD = 8.62 for the cognitive control 
task) and relatively uniform across the whole brain in both tasks (see Fig. 3). A significant difference between 
two tasks was also found, t(76) = −7.32, p < 0.001, showing that the image quality in the language task was 
poorer than in the cognitive task. We further conducted correlation analyses between the average FD and tSNR 
of each participant in two tasks, both of which revealed significant negative correlations: r = −0.74, p < 0.001 
for language control task; and r = −0.41, p < 0.001 for cognitive control task. This indicates that the lower 
tSNR observed in the language task may be partially due to increased head motion. Note that the tSNR can 
vary with the imaging parameters (number of averages, resolution, echo time, parallel imaging acceleration, 
field strength, etc.), making it difficult to set a strict threshold. However, the mean tSNR over the whole brain 
can be compared with that of other individuals within the group acquired with similar imaging parameters at 
same site54.

Finally, we assessed average task-related activation in each task based on the single-trial estimates. We 
observed similar activation patterns across the two tasks (Fig. 4). We found that the average response across 
single trials was associated with increased activation in the visual and motor cortices, which was expected as 
both tasks required participants to focus on visual stimuli and respond accordingly. We also found that the pos-
terior cingulate cortex and precuneus were deactivated in both tasks, which aligns with previous findings that 
the default mode network tends to be suppressed when individuals perform cognitively demanding tasks56,57. 

Fig. 3  Whole-brain temporal signal-to-noise ratio (tSNR) averaged across all participants for each task. The 
image displays calculations across all voxels, demonstrating consistently high and spatially uniform throughout 
both tasks.

Fig. 4  Mean single-trial estimates across all participants for each task. Single-trial estimates were generated 
using the Least Squares - Separate (LSS) technique.
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Additionally, we observed activation in brain regions associated with language production, such as the inferior 
frontal gyrus and superior temporal gyrus58,59, during the language task, indicating that participants engaged in 
language production, i.e., naming pictures, during the scanning.

Code availability
All code is openly available on GitHub (https://github.com/GttNeuro/Guo-Lab_datapaper). The scripts related 
to whole-brain tSNR calculations and single-trial estimations were adapted from code available in the GitHub 
repository associated with the srndna-datapaper study43 (https://github.com/DVS-Lab/srndna-datapaper). This 
repository also includes template files used in FEAT and stimulus images for the two tasks described in the main text.
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