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Abstract
Background: Type 2 diabetes mellitus (T2DM) is known to be associated with neurobiological and 
cognitive deficits; however, their extent, overlap with aging effects, and the effectiveness of existing 
treatments in the context of the brain are currently unknown.
Methods: We characterized neurocognitive effects independently associated with T2DM and age 
in a large cohort of human subjects from the UK Biobank with cross- sectional neuroimaging and 
cognitive data. We then proceeded to evaluate the extent of overlap between the effects related 
to T2DM and age by applying correlation measures to the separately characterized neurocognitive 
changes. Our findings were complemented by meta- analyses of published reports with cognitive 
or neuroimaging measures for T2DM and healthy controls (HCs). We also evaluated in a cohort of 
T2DM- diagnosed individuals using UK Biobank how disease chronicity and metformin treatment 
interact with the identified neurocognitive effects.
Results: The UK Biobank dataset included cognitive and neuroimaging data (N = 20,314), including 
1012 T2DM and 19,302 HCs, aged between 50 and 80 years. Duration of T2DM ranged from 0 to 
31 years (mean 8.5 ± 6.1 years); 498 were treated with metformin alone, while 352 were unmed-
icated. Our meta- analysis evaluated 34 cognitive studies (N = 22,231) and 60 neuroimaging 
studies: 30 of T2DM (N = 866) and 30 of aging (N = 1088). Compared to age, sex, education, and 
hypertension- matched HC, T2DM was associated with marked cognitive deficits, particularly in 
executive functioning and processing speed. Likewise, we found that the diagnosis of T2DM was 
significantly associated with gray matter atrophy, primarily within the ventral striatum, cerebellum, 
and putamen, with reorganization of brain activity (decreased in the caudate and premotor cortex 
and increased in the subgenual area, orbitofrontal cortex, brainstem, and posterior cingulate 
cortex). The structural and functional changes associated with T2DM show marked overlap with 
the effects correlating with age but appear earlier, with disease duration linked to more severe 
neurodegeneration. Metformin treatment status was not associated with improved neurocognitive 
outcomes.
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Conclusions: The neurocognitive impact of T2DM suggests marked acceleration of normal brain 
aging. T2DM gray matter atrophy occurred approximately 26% ± 14% faster than seen with 
normal aging; disease duration was associated with increased neurodegeneration. Mechanistically, 
our results suggest a neurometabolic component to brain aging. Clinically, neuroimaging- based 
biomarkers may provide a valuable adjunctive measure of T2DM progression and treatment efficacy 
based on neurological effects.
Funding: The research described in this article was funded by the W. M. Keck Foundation (to LRMP), 
the White House Brain Research Through Advancing Innovative Technologies (BRAIN) Initiative 
(NSFNCS- FR 1926781 to LRMP), and the Baszucki Brain Research Fund (to LRMP). None of the 
funding sources played any role in the design of the experiments, data collection, analysis, inter-
pretation of the results, the decision to publish, or any aspect relevant to the study. DJW reports 
serving on data monitoring committees for Novo Nordisk. None of the authors received funding or 
in- kind support from pharmaceutical and/or other companies to write this article.

Editor's evaluation
This work emphasizes the role of diabetes in brain aging and cognitive functions that is a critical gap 
that needs to be filled due to the increasing trend in the prevalence of diabetes around the world. 
This article provides valuable information about specific brain regions altered during aging and 
diabetes. Further, this article reports how T2DM accelerates the aging- associated decline in cogni-
tion and brain function. Extensive analysis of human datasets and comparison with published data 
from other researchers support the conclusion of this study; however, certain diabetic interventions 
that do not rescue brain damage need further validation.

Introduction
Approximately 6.6% of the global population carries a diagnosis of type 2 diabetes mellitus (T2DM) 
(Kaiser et al., 2018). Patients with T2DM are at greater risk for developing dementia and Alzheimer’s 
disease (AD) and have been reported to exhibit inferior cognitive performance when compared to 
age- matched healthy controls (HCs) (Moheet et al., 2015). Several human neuroimaging studies have 
linked T2DM with brain atrophy and cognition (Moheet et al., 2015; Callisaya et al., 2019; Gold 
et al., 2007; Mankovsky et al., 2018; Manschot et al., 2006); recent research suggested that T2DM 
resulted in a more rapid rate of cognitive decline than typically associated with natural aging (Rawl-
ings et al., 2014; Zilliox et al., 2016; Pelimanni and Jehkonen, 2018).

Despite strong preliminary evidence linking T2DM to neurological and cognitive decline, few 
patients with T2DM undergo a comprehensive neurocognitive evaluation as part of their clinical care 
(Zilliox et al., 2016; Biessels et al., 2006; Ninomiya, 2014). This may reflect the fact that T2DM diag-
nosis often occurs in middle age, hindering dissociation of patients’ cognitive changes from normal 
aging. Several studies published to date focused on the neurocognitive effects of T2DM including 
age- matched participants. However, because none has compared lifespan neurological changes to 
those experienced by equivalently aged patients with T2DM, it is currently unknown whether neuro-
cognitive effects represent a T2DM- specific neurodegenerative pathway or the exacerbation of 
typical brain aging. Moreover, there remain limited data (Tuligenga, 2015) evaluating the impact of 
chronicity or role of effective treatment in the progression of cognitive and neurological decline.

Routine clinical protocols typically focus on peripheral biomarkers (e.g., blood glucose and insulin 
levels, body fat percentage) as diagnostic modalities for T2DM. However, the neurological effects of 
T2DM may reveal themselves many years before they can be detected by peripheral markers (Calli-
saya et al., 2019; Zilliox et al., 2016). As such, by the time T2DM is diagnosed and treated by stan-
dard measures, patients may have already sustained irreversible brain damage. Thus, there are direct 
clinical implications with respect to defining the neurocognitive impact of T2DM and to determine 
how these negative sequelae might be prevented or treated (Kaiser et al., 2018).

Given these unknowns and their clinical importance, here we focus on addressing three questions. 
First, we establish T2DM neurocognitive effects compared to age, sex, education, and hypertension- 
matched HCs. To do so, we leverage the robust statistical power made possible by UK Biobank 
(Sudlow et al., 2015), the largest (N = 20,314, ages 50–80 years) neurocognitive lifespan dataset to 
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date. The UK Biobank results are then compared to a meta- analysis of the published literature (34 
cognitive studies, 60 neuroimaging studies) to assess convergence. Second, we ask whether changes 
in the brain observed in T2DM represent accelerated aging or a nonaging- related degenerative 
pathway specific to T2DM. Third, we test whether T2DM chronicity exacerbates, and medication 
status ameliorates, the progression of neurocognitive effects.

Methods
Analysis of UK Biobank dataset (N = 20,314)
General overview
UK Biobank data were analyzed for both cognitive and neuroimaging data. Datafield identifiers for all 
utilized features are shown in Supplementary file 1. The primary factor of interest was T2DM, which 
we dissociated from age- related effects by age matching T2DM and HC. To permit comparison of 
T2DM- specific effects to age- specific effects, we also assessed the same neurocognitive variables 
with age as a factor of interest from samples that excluded patients diagnosed with T2DM. To control 
for potential neurocognitive confounds, T2DM and HC were exact pairwise matched for not only 
age, but also sex, education, and hypertension status. T2DM status was assessed based on self- 
reported diagnosis by doctor. We considered education as a binary variable based on possession of 
a college degree. Hypertension was quantified using measured blood pressure values: all individuals 
with systolic blood pressure >140 mmHg or diastolic blood pressure >90 mmHg were labeled with 
hypertension (Chobanian et al., 2003). To exclude potential confounding effects due to menopausal 
transition, particularly relevant to the youngest age group in our sample (age cutoff >50 years), we 
excluded all female subjects who did not report menopause or if they reported ongoing hormone 
therapy (Maki and Henderson, 2016). To minimize the number of individuals with type 1 diabetes in 
our sample, rather than type 2 diabetes, we only included diabetic individuals with a self- reported age 
of onset ≥ 40 years (Thomas et al., 2018).

We fitted linear regression models to neurocognitive variables and quantified associated effects 
as the maximum likelihood point estimates and confidence intervals (95% CIs) of the corresponding 
regression coefficients. T2DM was accounted for as a binary factor with two states corresponding to 
HCs and individuals diagnosed with T2DM, whereas age was considered as a linear continuous factor 
with increments in years. The latter was justified given the linear trends we observed across age in 
all modalities (Appendix 1—figures 4–6). Regression models were fit using the Statsmodels Python 
library (Seabold and Perktold, 2010). To account for multiple comparisons, we applied Bonferroni 
correction to cognitive and structural results, and adjusted for false discovery rate (FDR) in our brain 
activation results; we report adjusted p- values exclusively.

To determine whether T2DM neurocognitive effects suggested an acceleration of typical aging 
trajectories, versus nonaging- related degenerative pathways specific to T2DM, we compared the 
progression of neurodegeneration seen in T2DM to that seen in relation to age across brain regions 
and cognitive domains using bivariate Pearson correlations.

Cognition
Data on five cognitive domains for 18,829 participants (T2DM: N = 914, HC: N = 17,915) were extracted 
from the UK Biobank dataset, including abstract reasoning, executive function, processing speed, 
reaction time, and numeric memory (~2–3  s). Exact sample sizes varied across cognitive domains 
based on data availability, and therefore are noted separately for each result (Appendix 1—figures 
1C and 2C). We employed linear regression and considered the maximum likelihood estimates of 
coefficients belonging to age and T2DM to estimate their associations with performance in each of 
the five domains. Effect sizes in cognition were quantified as percentages by dividing the estimated β 
coefficient and 95% CIs of the factor of interest with the average performance of HC.

Brain structure
Using structural MRI data from the UK Biobank dataset, we assessed the effects associated with T2DM 
(T2DM: N = 821, HC: N = 821, Appendix 1—figure 1A) compared to non- T2DM- specific age- related 
effects (N = 4775, Appendix 1—figure 2A) on atrophy of gray matter volume , calculated as mm3 
(Callisaya et al., 2019) for the whole brain as well as for 139 anatomical regions. For region- specific 
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analyses, we coarse- grained the default unilateral parcellation of 139 regions provided by UK Biobank 
into 45 bilateral regions and normalized gray matter volumes for head size. We applied linear regres-
sion and quantified atrophy in each anatomical region as a relative percentage change in average gray 
matter volume by dividing the estimated regression coefficients and 95% CIs of the factor of interest 
by the average gray matter volume of HC.

Brain function
Using functional MRI data from the UK Biobank dataset, we assessed the effects occurring with T2DM 
(T2DM: N = 646; HC: N = 646, Appendix 1—figure 1B) compared to non- T2DM- specific age- related 
effects (N = 2250, Appendix 1—figure 2B) on resting- state brain activity. Data were accessed already 
preprocessed by UK Biobank according to their standard pipelines (Alfaro- Almagro et al., 2018). 
After transforming functional images to Montreal Neurological Institute (MNI) space, we performed 
spatial smoothing with a full width at half maximum (FWHM) of 5 mm, then quantified brain activation 
by calculating the amplitude of low- frequency fluctuation (ALFF) (Zang et al., 2007). We used the 
program 3dRSFC, which is a component of Analysis of Functional NeuroImages (AFNI) (Cox, 1996; 
Cox and Hyde, 1997), to compute ALFF in voxel space. ALFF was computed from the 0.01–0.08 Hz 
frequency band, within a gray matter- only brain mask. Computed voxel space ALFF values were 
normalized to the global mean of each individual subject. Statistical analyses were performed in voxel 
space using the Nistats Python library. We used a significance threshold of p<0.05 and a minimum 
cluster size of 12 voxels (~100 mm3) and controlled for multiple comparisons using FDR.

Implications of T2DM duration
To evaluate the implications of T2DM chronicity, we analyzed whole- brain gray matter volume with 
time since T2DM diagnosis as a regressor. Time since diagnosis was derived from self- reported age 
at T2DM diagnosis. To improve the accuracy of self- reported values, we averaged the reported age 
of onset values from three visits, separated by multiple years. To estimate the degree to which T2DM 
progression was associated with gray matter loss relative to age, we calculated the ratio of regres-
sion coefficients corresponding to T2DM duration and age, and expressed it as a percentage, using 
Fieller’s theorem (Fieller, 1954) to quantify the confidence interval (95%) for this ratio.

Implications of metformin treatment
For patients with T2DM, we evaluated whether metformin, a first- line medication for the treatment 
of T2DM, was associated with improved outcomes in terms of cognition, atrophy, and/or brain acti-
vation. To isolate medication effects specific to metformin, we compared subjects who reported not 
taking any medications to treat T2DM to subjects who reported taking metformin but no other medi-
cations. For these comparisons, we exact- matched for sex, education, and hypertension, and coarse- 
matched for age (bin size of 5 years) and disease duration (bin size of 3 years). Since UK Biobank did 
not measure HbA1c levels, we also included body mass index (BMI) as a regressor since it was the only 
available proxy measure for disease severity (Bower et al., 2017; Bae et al., 2016).

Implications of sex
To determine whether results detected in the sample might be driven by sex- specific factors, we addi-
tionally performed analyses separately in females and males. For these, we evaluated our cognitive 
and neurobiological measures in association with age and T2DM and quantified the overlap sepa-
rately for the two subsamples.

Meta-analysis of published literature (N = 24,185)
Search strategy and selection criteria (cognition)
We conducted a literature search for peer- reviewed articles published up to 28 August 2020 from 
PubMed/Medline using the following search terms: “type- 2- diabetes,” “diabetes mellitus, type 2,” 
“insulin- resistance,” < AND > “cognition,” “cognitive- function,” “cognitive- dysfunction,” “cognitive- 
performance,” and “neuropsychological tests.” Search results were filtered to include manuscripts 
that had undergone peer- review, were published in English with full- text availability, and reported 
relevant results. Our cognitive meta- analysis adhered to PRISMA guidelines (Page et al., 2021).

https://doi.org/10.7554/eLife.73138
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We included studies that compared cognitive performance between people diagnosed with T2DM 
and HCs. We excluded studies that (1) included participants with neurological or psychiatric diag-
noses, (2) utilized treatment interventions without first obtaining baseline cognitive measurements, (3) 
included only diagnostic threshold instruments for dementia (e.g., the Mini- Mental State Examination 
[MMSE]), (4) included a novel cognitive test without adequate explanation of the scoring procedures, 
(5) did not perform age- and education- matching of the participants diagnosed with T2DM to their 
HC, or (6) failed to provide summary statistics needed to calculate effect sizes. In the latter case, the 
authors were contacted to obtain relevant data.

Our literature search yielded 219 articles; relevant reviews were also screened for eligible studies. 
Seventy- five articles were identified for full- text evaluation; 34 studies were eligible for inclusion. 
Among the studies that were excluded (Supplementary file 2), 8 featured inadequate testing or 
scoring procedures, 14 included secondary analyses of the same patient sample that was used in 
previous publications, and 5 failed to perform appropriate education- matching of the study groups. 
Furthermore, one longitudinal study did not report baseline scores and another reported inconsistent 
sample sizes. Fifteen authors were contacted to obtain data not provided in the text; three authors 
provided the data requested, and the remaining 12 studies were excluded. Eligible studies included a 
total of 4735 subjects diagnosed with T2DM and 17,496 HC (Supplementary file 3).

Data analysis (cognition)
We extracted data, including publication year, authors, sample demographics, and cognition, from all 
included studies. We extracted baseline data only from longitudinal studies to avoid practice effects. 
We sorted individual cognitive tests into several domains, including abstract reasoning, executive 
function, processing speed, numeric memory, visual memory, verbal memory, verbal fluency, visuo-
spatial reasoning, and working memory (Supplementary file 4).

Statistical analyses were performed using R version 3.6.1 (R Development Core Team, 2018) and 
the Metafor package version 2.4- 0 (Viechtbauer, 2010). Cognitive differences between participants 
diagnosed with T2DM and HC were determined by calculating standardized mean difference (SMD) 
effect sizes and 95% CIs for all cognitive domains. Effect size analyses were chosen to account for 
within- domain variability in the type and sensitivity of cognitive tests across different reports. We 
calculated effect sizes as Cohen’s d by dividing the mean difference in group scores by the pooled 
standard deviation of individual domains (Cohen, 1988); an SMD (Cohen’s d) of –1.0 was interpreted 
as a difference of 1 SD in the negative direction. We used random- effects models to account for 
variability between samples not due to sampling error with significance at p<0.05, and effect size 
heterogeneity was evaluated using values for Cochran’s Q and I (Moheet et al., 2015; Higgins et al., 
2003). Publication bias was evaluated with funnel plots. We applied Bonferroni correction to account 
for multiple comparisons across cognitive domains.

Search strategy and selection criteria (brain)
We used NeuroQuery (Dockès et al., 2020) to conduct a meta- analysis of published neurobiological 
results associated with T2DM and age. NeuroQuery is an automated Coordinate- Based Meta- Analysis 
(Fox et al., 1998; Van Horn et al., 2004; Yarkoni et al., 2010) tool based on a database of z- scores 
collected by crawling through texts and tables of published research articles by an automated algo-
rithm (Yarkoni et al., 2011). We utilized NeuroQuery to address limitations of standard approaches 
to meta- analyses of neuroimaging results, which rely on summary statistics and thus risk overfitting 
to what typically comprise a relatively small number of in- sample studies (i.e., they fail to generalize 
to out- of- sample studies). NeuroQuery optimizes for rigor and reproducibility by utilizing predictive 
modeling, a higher threshold for results than statistical significance. In a quantitative evaluation of its 
generalization performance with 16- fold cross- validation and 10:90 test- train splits, NeuroQuery was 
found to accurately produce brain maps for out- of- sample neuroimaging studies (Yarkoni et al., 2011). 
We note that because of NeuroQuery’s criteria for neuroimaging data quality and completeness in 
reporting, the algorithm draws only from journals that focus on functional neuroimaging results, and 
thus can exclude some general interest and non- neurological medical journals. This exclusion criterion 
is important to reduce false positives and ensure the quality and relevance of the compiled results. 
The database in total contains 149,000 neuroimaging papers and represents the single largest data-
base of neuroimaging foci to date. By the law of large numbers, NeuroQuery therefore provides the 
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most unbiased approach to choosing representative papers, even at the risk of excluding relevant and 
well- cited articles specific to any one field.

Using the collected database of articles, NeuroQuery applies a multivariate model to predict the 
spatial distribution of voxel activations corresponding to a search term. The search terms we used to 
obtain the meta- analytic maps were “diabetic” and “age.” These terms identified the 30 most rele-
vant neuroimaging studies for T2DM and 30 most relevant neuroimaging studies for age (Supplemen-
tary file 5). To account for any errors in the automated search results, the identified set of studies were 
cross- validated by an independent manual search using the same search terms for Google Scholar 
and PubMed to verify their relevance, as well as to confirm that they included T2DM age- matched HC 
and T2DM (not type 1 diabetes). In the T2DM datasets, 23 were fMRI (ALFF), 2 were structural (T1), 
3 were FDG positron emission tomography (PET), and 2 were tractography (diffusion tensor imaging 
[DTI]). In the age datasets, 22 were fMRI (ALFF), 3 were structural (T1), and 5 were tractography (DTI, 
diffusion weighted imaging).

Data analysis (brain)
For region- and voxel- level comparisons of the meta- analytic T2DM and age maps from NeuroQuery 
with their structural and functional counterparts from UK Biobank, the meta- analytic statistical maps 
were transformed onto comparable coordinate space and spatial resolution. At the voxel level, the 
meta- analytic maps were resampled to the standard MNI affine (the transformation matrix that maps 
from voxel indices of the data array to actual real- world locations of the brain; no registration was 
required as images were already aligned). For region- level comparisons, the transformed voxel maps 
were coarse- grained to the 45 regions of interest from UK Biobank by masking with each individual 
region and computing the mean activation of the masked voxels as the representative region value.

Results
Cognitive correlates with age and T2DM
Individuals without T2DM showed age- based cognitive effects across all domains in the UK Biobank 
(Figure 1A). The strongest effects were observed in executive function, which showed 1.9% ± 0.1% 
decrease in performance per year (N = 2450, T = –17.2, p<1e–10), and processing speed, which 
showed 1.5% ± 0.2% decrease in performance per year (N = 2525, T = –22.8, p<1e–10). Our analyses 
identified further cognitive deficits associated with T2DM that were consistent with accelerated age- 
related cognitive decline (Figure 1B). As with aging, the strongest T2DM effects were also observed 
in executive function, which showed a further 13.1% ± 6.9% decrease in performance, beyond age- 
related effects (T2DM: N = 446; HC: N = 446; T = –3.7, p=0.001), and processing speed, which showed 
a further 6.7% ± 3.2% decrease in performance, beyond age- related effects (T2DM: N = 454; HC: N 
= 454; T = –4.1, p=0.0002). A more modest decline (3.7% ± 2.3%) was observed in numeric memory 
(~2–3 s) (T2DM: N = 483; HC: N = 483; T = –3.2, p=0.007), whereas abstract reasoning (T2DM: N = 
886; HC: N = 886; T = –2.4, p=0.08) and reaction time (T2DM: N = 914; HC: N = 914; T = –1.0, p=0.32) 
were not statistically significant. Our meta- analysis confirmed that individuals with T2DM exhibited 
markedly lower performance when compared to age- and education- matched controls, over an even 
broader set of domains (Figure 1C). These again included executive function (K = 18, d = –0.40, 
p=0.009), processing speed (K = 31, d = –0.34, P = 5e–8), and numeric memory (~2–3 s) (K = 16, d 
= –0.21, p=0.05), as well as abstract reasoning (K = 8, d = –0.36, p=1e–7), immediate (~30 s) verbal 
memory (K = 23, d = –0.39, p=0.001), delayed (~20 min) verbal memory (K = 21, d = –0.21, p=0.005), 
verbal fluency (K = 25, d = –0.37, p=2e–8), visuospatial reasoning (K = 13, d = –0.32, p=4e–7), and 
working memory (K = 12, d = –0.36, p=0.002) (Supplementary file 6).

Neurobiological correlates with age and T2DM
Brain atrophy
HCs (N = 4,775) showed a linear decrease in brain gray matter with age. This was most pronounced 
in the ventral striatum, which showed a 1.0% ± 0.06% decrease per year (T = –30.4, p<1e–10), and 
Heschl’s gyrus, which also showed a 0.9% ± 0.06% decrease per year (T = –30.4, p<1e–10) (Figure 2A). 
Compared to their age- matched HC, T2DM patients showed further decreases in gray matter beyond 
typical age- related effects (T2DM: N = 821; HC: N = 821). These included both cortical and subcortical 
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Figure 1. Cognitive deficits are apparent with respect to both age and type 2 diabetes mellitus (T2DM) diagnosis. (A) Using the UK Biobank dataset, 
we performed a quantitative analysis of the effects related to age on cognitive performance across five cognitive domains. Associated changes were 
derived from estimated regression coefficients as percentages and are shown on the y- axis. Age was associated with significant deficits in all five 
domains, with the strongest effects observed in executive function and processing speed. (B) Using the same dataset, we also analyzed cognitive 

Figure 1 continued on next page
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regions, with the most severe atrophy observed in the ventral striatum, which showed on average a 
6.2% ± 1.6% further decrease in volume, beyond age- related effects (T = –7.5, p<1e- 10), in the cere-
bellum with an additional 4.9% ± 1.1% decrease in volume, beyond age- related effects (T = –8.8, 
p<1e- 10), and in the putamen, which showed a 4.7% ± 2.3% further decrease, beyond age- related 
effects (T = –4.1, p=0.002) (Figure 2B).

Brain activity
Age was associated with functional reorganization of brain activation (ALFF), rather than global 
decrease or increase. Brain activation in T2DM showed similar reorganization. Normalized to whole- 
brain activation, both age (HC: N = 2250) and T2DM (T2DM: N = 646, HC: N = 646) were associated 
with decreased activation in the caudate and premotor cortex, and with increased brain activity in the 
subgenual area, orbitofrontal cortex, posterior cingulate cortex, and brainstem (Figure 3A).

NeuroQuery
Our meta- analysis of 60 multimodal neuroimaging studies (30 age- specific, 30 T2DM- specific) inde-
pendently identified the same regions as UK Biobank (premotor cortex, caudate, posterior cingulate 
gyrus), but additionally identified clusters of decreased activity in Broca area and the frontal eye fields 
and increased activity in the thalamus and inferior temporal gyrus (Figure 3B).

Neurocognitive changes associated with T2DM and age overlap, 
consistent with common pathways
Together, these analyses confirm that T2DM patients show evidence of neurocognitive deficits, with 
the most consistent and profound effects observed in structural atrophy. Even after controlling for 
education, cognitive deficits remained statistically significant. Both age and T2DM implicated the 
same areas of greatest vulnerability: for brain atrophy, these were the ventral striatum, Heschl’s gyrus, 
and cerebellum; for cognition, these were executive function and processing speed. When assessed 
across all brain regions, T2DM- related patterns in brain atrophy exhibited strong overlap with those 
associated with age (r = 0.60, p=0.0002) (Figure 2—figure supplements 1 and 2A). Similarly, T2DM- 
related changes in brain activation (ALFF) also exhibited significant overlap with those associated 
with age (r = 0.64, p=0.00004) (Figure 3—figure supplements 1 and 2B). The meta- analysis, which 
included multimodal neuroimaging measures (not only atrophy and brain activity, but also glucose 
uptake via FDG- PET), also yielded equivalent results in terms of the overlap between neurobiological 
effects of T2DM and age (r = 0.58, p=0.0005) (Figure 2—figure supplements 1 and 2C).

T2DM chronicity exacerbates neurocognitive symptoms
Neurocognitive effects were more severe with increased disease duration, particularly for structural 
changes (T = –3.8, p=0.0002) (Figure 4). T2DM progression was associated with 26% ± 14% acceler-
ation of typical neurogenerative age- related effects as per the linear shift along the horizontal time 
axis shown in Figure 4.

performance in T2DM, with negative values on the y- axis representing performance below that of age-, sex-, and education- matched healthy controls 
(HCs). As per age effects, executive function and processing speed showed the highest magnitude changes. (C) Cognitive deficits identified in UK 
Biobank data were confirmed by our meta- analysis, which included 11 domains from 34 studies. Average effect sizes (Cohen’s d) corresponding to T2DM 
are shown on the y- axis. Values below the cutoff line (y = 0) indicate cases in which subjects with T2DM performed less well than age- and education- 
matched HC. Numbers next to labels identify domains common across panels. Marker sizes represent sample sizes scaled (per area) as indicated in the 
bottom- right corner of each panel. On panel (C), sample size indicates the number of individual studies. Underlying sample size distributions can be 
found in Appendix 1—figures 1C and 2C. Error bars are 95% CI. *p≤0.05; **p≤0.01; ***p≤0.001, Bonferroni corrected.

The online version of this article includes the following figure supplement(s) for figure 1:

Figure supplement 1. Cognitive differences associated with sex in the UK Biobank dataset across the five cognitive domains.

Figure supplement 2. Cognitive differences associated with age (A) and type 2 diabetes mellitus (T2DM) (B) in the UK Biobank dataset across the five 
cognitive domains, analyzed separately within males and females.

Figure supplement 3. Treatment of type 2 diabetes mellitus (T2DM) patients with metformin had no impact on cognitive deficits.

Figure 1 continued

https://doi.org/10.7554/eLife.73138
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BA

Figure 2. Widespread gray matter atrophy can be observed with respect to both age and type 2 diabetes mellitus (T2DM) diagnosis status. Using the 
UK Biobank dataset, we measured gray matter atrophy across 45 anatomical regions. Associated changes were derived from estimated regression 
coefficients as percentages and are shown on the x- axes. (A) We observed significantly decreased gray matter volume in both cortical and subcortical 
brain regions with respect to age in healthy controls (HCs). Age was associated with an average of ~0.5% brain- wide decrease in gray matter volume per 

Figure 2 continued on next page

https://doi.org/10.7554/eLife.73138
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T2DM patients treated with metformin do not demonstrate improved 
neurocognitive symptoms
Even after matching groups for disease duration and controlling for BMI, T2DM patients who were 
treated with metformin alone (N = 498) did not differ with respect to cognition or brain atrophy 
compared to T2DM patients who were unmedicated (N = 352) (Figure  1—figure supplement 3, 
Figure 2—figure supplement 8). Likewise, treatment status showed no significant impact on resting- 
state brain activity.

Age- and T2DM-associated effects were consistent in females and 
males
For the UK Biobank dataset, we identified marked sex- related differences both in neurobiological and 
cognitive measures, consistent with the literature (Figure 1—figure supplement 1, Figure 2—figure 
supplement 3, Figure 3—figure supplement 3; Sanchis- Segura et  al., 2019; Jain et  al., 2015). 
All reported age and T2DM effects were seen for both males and females, and strongly correlated 
between them (Figure 2—figure supplement 6, Figure 3—figure supplement 5). However, age and 
T2DM effects were stronger in males (Figure 1—figure supplement 2, Figure 2—figure supplement 
5, Figure 3—figure supplement 4) and neurodegeneration (brain atrophy, in particular) was more 
similar across sex for age (rage = 0.93, Bonferroni- corrected p≤0.001) than for T2DM (rT2DM = 0.51, 
Bonferroni- corrected p≤0.01). Consistent with the latter, the overlap between effects associated with 
age and T2DM was statistically significant in males (gray matter volume: r = 0.77, p=4e–9; brain acti-
vation [ALFF]: r = 0.51, p=0.002) but not in the female- only subsample (Figure 2—figure supplement 
6, Figure 2—figure supplement 7, Figure 3—figure supplement 5, Figure 3—figure supplement 
6). All females in our UK Biobank sample were menopausal and not on hormone replacement therapy. 
For our meta- analyses, we were unable to perform a sex- based comparison as the underlying articles 
from which our data were derived did not always perform sex- matching across their subject pools and 
did not provide access to the individual subject- level data that would be required to control for sex 
in our analyses.

Discussion
The UK Biobank dataset confirms that T2DM patients show deficits in cognitive performance 
compared to HC, even after controlling for age, sex, education, and hypertension. These findings 
were supported by meta- analysis of the published literature. Deficits in cognitive performance were 
accompanied by marked brain atrophy in the T2DM sample compared to age- matched HC. The 

year, most prominently for the ventral striatum and Heschl’s gyrus. (B) Gray matter atrophy was also seen in patients diagnosed with T2DM compared to 
age- matched HC, most prominently for the ventral striatum, cerebellum, and putamen. The distribution of T2DM- related effects overlapped with those 
associated with age, with degeneration of the ventral striatum and preservation of the thalamus and caudate. Underlying sample size distributions can 
be found in Appendix 1—figures 1A and 2A. Error bars are 95% CI. *p≤0.05; **p≤0.01; ***p≤0.001, Bonferroni corrected.

The online version of this article includes the following figure supplement(s) for figure 2:

Figure supplement 1. Effects of age and type 2 diabetes mellitus (T2DM) exhibited strong correlations within datasets and modalities.

Figure supplement 2. Scatterplots corresponding to the statistically significant cells in Figure 2—figure supplement 1.

Figure supplement 3. Gray matter volume (normalized for head size) differences associated with sex in the UK Biobank dataset across the 45 
anatomical regions.

Figure supplement 4. Plots representing trends in total gray matter volume (normalized for head size) across age, sex, and type 2 diabetes mellitus 
(T2DM).

Figure supplement 5. Region- specific gray matter volume deficits associated with age (A) and type 2 diabetes mellitus (T2DM) (B) in the UK Biobank 
dataset, analyzed separately within females and males.

Figure supplement 6. We quantified correlations (Pearson’s r) among the region- specific gray matter volume deficits associated with age and type 2 
diabetes mellitus (T2DM), which we quantified in the UK Biobank dataset separately for females and males.

Figure supplement 7. Scatterplots corresponding to the most relevant cells in Figure 2—figure supplement 6.

Figure supplement 8. Treatment of type 2 diabetes mellitus (T2DM) patients with metformin had no impact on gray matter atrophy.

Figure 2 continued

https://doi.org/10.7554/eLife.73138
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Overlaid Voxel-Wise Effects Associated with Age and T2DM from Neuroimaging

Brain Activation (ALFF) Reorganization in UK Biobank Dataset (T2DM:  N=646; Age: N=2,250)

Neuroquery Multimodal Meta-Analysis (T2DM: 30 Studies; Age: 30 Studies)

T2DM:
Increase
Decrease

T2DM:
Increase
Decrease

B

A Age 
(Z-score):

Age 
(Z-score):

Figure 3. Age- and type 2 diabetes mellitus (T2DM)- associated reorganization patterns in brain activity are significant and overlap. (A) For functional 
MRI data obtained from the UK Biobank dataset, we used the amplitude of low- frequency fluctuation (ALFF) to quantify brain activation. Effects linked 
to age are shown in the form of an unthresholded z- map represented by the pink- green color gradient, with pink indicating increased activation and 
green showing decreased. T2DM- related effects were thresholded (minimum cluster size ~100 mm3, false discovery rate [FDR] p<0.05) to result in 
significant clusters. The outlines of these significant clusters are overlaid on the age- related z- map to demonstrate overlapping effects. The largest 
significant clusters with respect to T2DM were in the subgenual area (increased) orbitofrontal cortex (increased), premotor cortex (decreased), and 
caudate (decreased). The highlighted regions were similarly impacted across age, indicating substantial overlap between the two contrasts. Underlying 
sample size distributions can be found in Appendix 1—figures 1B and 2B. (B) Using multimodal neuroimaging data, we performed a meta- analysis 
for the same contrasts using NeuroQuery. We extracted contrast maps for age and T2DM with NeuroQuery and overlaid the outlines of thresholded 
(minimum cluster size ~100 mm3, FDR p<0.05) z- maps from T2DM on unthresholded z- maps belonging to age. The overlapping effects were present in 
several regions, most importantly in the posterior cingulate gyrus, thalamus, caudate, and premotor cortex. These results support the hypothesis that 
neurodegeneration in both T2DM and aging may share common mechanistic pathways.

The online version of this article includes the following figure supplement(s) for figure 3:

Figure supplement 1. Effects of age and type 2 diabetes mellitus (T2DM) exhibited strong correlations within datasets and modalities.

Figure supplement 2. Scatterplots corresponding to the statistically significant cells in Figure 3—figure supplement 1.

Figure supplement 3. Resting- state brain activation (amplitude of low- frequency fluctuation [ALFF]) differences associated with sex in the UK Biobank 
dataset.

Figure 3 continued on next page

https://doi.org/10.7554/eLife.73138
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atrophy was most severe (6.2% gray matter loss compared to HC) in the ventral striatum, a region 
critical to learning, decision- making, goal- directed behavior, and cognitive control. These cognitive 
functions, collectively known as executive functioning, were (with processing speed) also those most 
affected by T2DM. Neurodegeneration severity for all regions increased with longer disease duration. 
We detected qualitatively consistent results in females and males; however, males exhibited stronger 
effects in relation to T2DM (Figure 2—figure supplement 4). This result is consistent with the well- 
established neuroprotective effects of female hormones such as estrogen (Behl, 2002). This result also 
suggests that the T2DM neurological effects observed result from chronic degenerative processes, 
which, for our female participants, may have been at least partially ameliorated prior to menopause.

Our findings indicate that structural brain imaging, in particular, can provide a clinically valuable 
metric for identifying and monitoring neurocognitive effects associated with T2DM. Normalizing across 
sample sizes to compare the measures of neurocognitive effects – structural MRI, functional MRI, and 
cognitive testing – structural atrophy showed global effects that were far more statistically robust 

Figure supplement 4. Age and type 2 diabetes mellitus (T2DM)- associated reorganization patterns in brain activation (amplitude of low- frequency 
fluctuation [ALFF]) were overlaid separately for females (A) and males (B).

Figure supplement 5. We quantified correlations (Pearson’s r) among the region- specific changes in brain activation (amplitude of low- frequency 
fluctuation [ALFF]) patterns associated with age and type 2 diabetes mellitus (T2DM), which we quantified in the UK Biobank dataset separately for 
females and males.

Figure supplement 6. Scatterplots corresponding to the primary cells in Figure 3—figure supplement 5.

Figure 3 continued

Figure 4. Progression of type 2 diabetes mellitus (T2DM) disease is significantly associated with gray matter 
atrophy, accelerating neurodegenerative effects seen in brain aging. For a quantitative evaluation of the impact 
of T2DM progression on gray matter volume, we considered time since T2DM diagnosis as the main factor of 
interest from the UK Biobank dataset. The T2DM+ cohort was divided into two groups based on disease duration 
(separated at 10 years) with a healthy control (HC) cohort also included for visualization purposes. We matched 
age, sex, education, and hypertension across these three groups and performed linear regression within T2DM+ 
subjects focusing on disease duration. Evaluation of our sample suggested that time since diagnosis was a 
significant factor, with each year after diagnosis of T2DM associated with an additional ~0.26 ± 0.14 years of brain 
aging beyond that of age- matched HC. Underlying sample size distributions can be found in Appendix 1—figure 
3. Error bars are standard error of the mean. *p≤0.05, **p≤0.01, ***p≤ 0.001.

https://doi.org/10.7554/eLife.73138
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(p<2e–10) than either global cognitive measures (p=0.0001) or global brain activation (p=0.002). One 
additional advantage of structural MRI over cognitive testing is that the former avoids confounding 
associated with education and practice effects, and therefore may be more interpretable in real- world 
clinical settings in which matching for education and practice effects is not feasible. Structural MRI 
also showed advantages as a biomarker over a functional MRI- derived measure of brain activation 
(ALFF). The reorganization of brain activity seen with T2DM may reflect the brain’s switch to less meta-
bolically expensive networks to conserve energy in the face of diminishing access to glucose, a pattern 
previously documented in aging (Tomasi et al., 2013; Weistuch et al., 2021; Tomasi and Volkow, 
2012; Mujica- Parodi et al., 2020). Yet activation patterns that are spatially reorganized, rather than 
globally increased or decreased, are less straightforward to quantify. Moreover, functional MRI is an 
inherently more complex measure than structural MRI, reflecting both neuronal and hemodynamic 
influences. Each of these influences may be differentially affected by T2DM, further complicating its 
interpretation in a clinical setting.

The localization of brain atrophy in T2DM to the ventral striatum, followed by the cerebellum, 
may reflect the fact that these two brain regions contain the densest concentrations of insulin- 
dependent GLUT- 4 (El Messari et  al., 2002; Kobayashi et  al., 1996; El Messari et  al., 1998; 
Vannucci et  al., 1998) compared to non- insulin- dependent isoforms GLUT- 1 and GLUT- 3. The 
ventral striatum functions as a critical hub within the reward circuit, integrating inputs (including 
external stimuli) from both cortical and subcortical regions, and therefore is a key structure 
required for all learning. Rat studies have shown modulation of nitric oxide within the ventral stri-
atum to control release of acetylcholine (Prast et al., 1995), a neurotransmitter severely reduced 
in dementia (Kurotani et al., 2003) and a target for its pharmaceutical treatment (Ferreira- Vieira 
et al., 2016; Muramatsu et al., 2019). Release of nitric oxide is insulin dependent and reduced 
in T2DM (Tessari et al., 2010). Together, these suggest a potential mechanistic pathway between 
insulin resistance, atrophy of the ventral striatum, and widespread deficits with respect to learning. 
In this context, memory deficits may be primarily driven by failure to encode rather than failure to 
retrieve, which would be consistent with our results that did not identify the hippocampus to be 
one of the regions most affected. Importantly, the structural and functional changes associated 
with T2DM show marked overlap with age- related effects but appear earlier. This, on the one 
hand, suggests that neurocognitive changes seen in T2DM may progress via a common mecha-
nistic trajectory as normal brain aging, but which is accelerated. From another perspective, the 
overlap implies that brain aging itself may be a metabolic syndrome driven by impaired brain 
insulin signaling and glucose metabolism, the same processes that, outside the brain, are well- 
established with respect to T2DM.

Our analyses had two limitations, inherent in the datasets analyzed, which represent important 
directions for future research. First, our use of a lifespan dataset permitted tracking how variables 
change with age, but not for the same subjects. A more rigorous assessment of phase shift between 
trajectories of neurodegeneration for patients with T2DM and HC would be made possible only with a 
longitudinal study. Second, while we had access to disease duration and BMI, we did not have HbA1c 
measures, which would have provided a more direct measure of disease severity. While metformin was 
not found to be associated with better neurocognitive measures, even when matched to unmedicated 
patients with equivalent disease duration and after controlling for BMI (a proxy measure for disease 
severity; Bower et al., 2017; Bae et al., 2016), it was not possible to determine other diabetes- 
related characteristics. As such, our medication findings should be considered suggestive but not 
conclusive.

Consistent with findings from earlier studies that focused on the brain and energy metabolism 
(Sokoloff, 1955; Clark, 1999), our results suggest that T2DM and its progression may accelerate 
pathways associated with typical brain aging. As T2DM diminishes s glucose availability within the 
brain, this chronic loss of energy may compromise the brain’s structure and function . We consider the 
possibility that, by the time T2DM is formally diagnosed, neuronal insulin resistance may have already 
resulted in significant damage. As such, our findings underscore the need for additional research into 
brain- based biomarkers for T2DM and treatment strategies that specifically target its neurocognitive 
effects (Kaiser et al., 2018).

https://doi.org/10.7554/eLife.73138


 Research article      Epidemiology and Global Health | Medicine

Antal et al. eLife 2022;11:e73138. DOI: https:// doi. org/ 10. 7554/ eLife. 73138  14 of 24

Additional information

Competing interests
Deborah J Wexler: is part of a Novo Nordisk data monitoring committee service for semaglutide in 
SOUL and FLOW trials. The author has no other competing interests to declare. Bradford Dickerson: 
received royalties from Cambridge University Press and Oxford University Press, and consulting fees 
from Acadia, Alector, Arkuda, Biogen, Denali, Lilly, Merck, Novartis, Takeda, Wave LifeSciences (unre-
lated to the present work). Also participates in a Lilly Data Safety Monitoring Board (unrelated to the 
present work) and participates in leadership roles in Alzheimer's Association and Association for Fron-
totemporal Degeneration. The author has no other competing interests to declare. Eva- Maria Ratai: 
received honoraria from Harvard Catalyst. The author has no other competing interests to declare. 
The other authors declare that no competing interests exist.

Funding

Funder Grant reference number Author

W. M. Keck Foundation Lilianne R Mujica-Parodi

National Science 
Foundation

NSFNCS-FR 1926781 Lilianne R Mujica-Parodi

Baszucki Brain Research 
Fund

Lilianne R Mujica-Parodi

The funders had no role in study design, data collection and interpretation, or the 
decision to submit the work for publication.

Author contributions
Botond Antal, Formal analysis, Investigation, Methodology, Visualization, Writing – original draft, 
Writing – review and editing; Liam P McMahon, Data curation, Formal analysis, Investigation, Meth-
odology, Writing – original draft, Writing – review and editing; Syed Fahad Sultan, Formal analysis, 
Investigation, Methodology, Writing – original draft, Writing – review and editing; Andrew Lithen, 
Investigation; Deborah J Wexler, Bradford Dickerson, Eva- Maria Ratai, Writing – review and editing; 
Lilianne R Mujica- Parodi, Conceptualization, Data curation, Funding acquisition, Methodology, Project 
administration, Resources, Supervision, Visualization, Writing – original draft, Writing – review and 
editing

Author ORCIDs
Botond Antal   http://orcid.org/0000-0002-0775-6033
Lilianne R Mujica- Parodi   http://orcid.org/0000-0002-3752-5519

Decision letter and Author response
Decision letter https://doi.org/10.7554/eLife.73138.sa1
Author response https://doi.org/10.7554/eLife.73138.sa2

Additional files
Supplementary files
•  Supplementary file 1. Summary of all relevant UK Biobank datafields.

•  Supplementary file 2. List and justification for studies excluded from our cognitive meta- analysis.

•  Supplementary file 3. Characteristics of patients who underwent cognitive testing in studies 
included in our meta- analysis.

•  Supplementary file 4. Summary of cognitive functions assessed, with corresponding instruments.

•  Supplementary file 5. Studies identified as most relevant for each key word by NeuroQuery 
algorithm.

•  Supplementary file 6. Study estimates of cognitive meta- analysis.

•  Transparent reporting form 

https://doi.org/10.7554/eLife.73138
http://orcid.org/0000-0002-0775-6033
http://orcid.org/0000-0002-3752-5519
https://doi.org/10.7554/eLife.73138.sa1
https://doi.org/10.7554/eLife.73138.sa2


 Research article      Epidemiology and Global Health | Medicine

Antal et al. eLife 2022;11:e73138. DOI: https:// doi. org/ 10. 7554/ eLife. 73138  15 of 24

•  Reporting standard 1. Strobe checklist.

•  Reporting standard 2. Prisma checklist.

Data availability
All analyses reported in this manuscript were on either publicly available data (UK Biobank) or meta- 
analyses of listed published articles. Source code for all analyses conducted for this manuscript is 
uploaded as Source Code (https://github.com/lcneuro/pub_t2dm_age_meta, copy archived at 
swh:1:rev:81c32d4b6c25191eef4028a7dd2337b71af59628).

The following previously published dataset was used:

Author(s) Year Dataset title Dataset URL Database and Identifier

Sudlow C, Gallacher 
J, Allen N

2015 UK Biobank https://www. 
ukbiobank. ac. uk/

UK Biobank, Biobank

References
Alfaro- Almagro F, Jenkinson M, Bangerter NK, Andersson JLR, Griffanti L, Douaud G, Sotiropoulos SN, 

Jbabdi S, Hernandez- Fernandez M, Vallee E, Vidaurre D, Webster M, McCarthy P, Rorden C, Daducci A, 
Alexander DC, Zhang H, Dragonu I, Matthews PM, Miller KL, et al. 2018. Image processing and Quality Control 
for the first 10,000 brain imaging datasets from UK Biobank. NeuroImage 166:400–424. DOI: https://doi.org/ 
10.1016/j.neuroimage.2017.10.034, PMID: 29079522

Bae JP, Lage MJ, Mo D, Nelson DR, Hoogwerf BJ. 2016. Obesity and glycemic control in patients with diabetes 
mellitus: Analysis of physician electronic health records in the US from 2009- 2011. Journal of Diabetes and Its 
Complications 30:212–220. DOI: https://doi.org/10.1016/j.jdiacomp.2015.11.016, PMID: 26689451

Behl C. 2002. Oestrogen as a neuroprotective hormone. Nature Reviews. Neuroscience 3:433–442. DOI: https:// 
doi.org/10.1038/nrn846, PMID: 12042878

Biessels GJ, Staekenborg S, Brunner E, Brayne C, Scheltens P. 2006. Risk of dementia in diabetes mellitus: a 
systematic review. The Lancet. Neurology 5:64–74. DOI: https://doi.org/10.1016/S1474-4422(05)70284-2, 
PMID: 16361024

Bower JK, Meadows RJ, Foster MC, Foraker RE, Shoben AB. 2017. The Association of Percent Body Fat and 
Lean Mass With HbA1c in US Adults. Journal of the Endocrine Society 1:600–608. DOI: https://doi.org/10.1210/ 
js.2017-00046, PMID: 29264513

Callisaya ML, Beare R, Moran C, Phan T, Wang W, Srikanth VK. 2019. Type 2 diabetes mellitus, brain atrophy and 
cognitive decline in older people: a longitudinal study. Diabetologia 62:448–458. DOI: https://doi.org/10.1007/ 
s00125-018-4778-9, PMID: 30547230

Chobanian AV, Bakris GL, Black HR, Cushman WC, Green LA, Izzo JL Jr, Jones DW, Materson BJ, Oparil S, 
Wright JT Jr, Roccella EJ, Joint National Committee on Prevention, Detection, Evaluation, and Treatment of 
High Blood Pressure. National Heart, Lung, and Blood Institute, National High Blood Pressure Education 
Program Coordinating Committee. 2003. Seventh report of the Joint National Committee on Prevention, 
Detection, Evaluation, and Treatment of High Blood Pressure. Hypertension (Dallas, Tex 42:1206–1252. DOI: 
https://doi.org/10.1161/01.HYP.0000107251.49515.c2, PMID: 14656957

Clark DD. 1999. Basic Neurochemistry: Molecular, Cellular and Medical Aspects. Lippincott.
Cohen J. 1988. Statistical Power Analysis for the Behavioral Sciences. Erlbaum Associates.
Cox RW. 1996. AFNI: software for analysis and visualization of functional magnetic resonance neuroimages. 

Computers and Biomedical Research, an International Journal 29:162–173. DOI: https://doi.org/10.1006/cbmr. 
1996.0014, PMID: 8812068

Cox RW, Hyde JS. 1997. Software tools for analysis and visualization of fMRI data. NMR in Biomedicine 10:171–
178. DOI: https://doi.org/10.1002/(sici)1099-1492(199706/08)10:4/5<171::aid-nbm453>3.0.co;2-l, PMID: 
9430344

Dockès J, Poldrack RA, Primet R, Gözükan H, Yarkoni T, Suchanek F, Thirion B, Varoquaux G. 2020. NeuroQuery, 
comprehensive meta- analysis of human brain mapping. eLife 9:e53385. DOI: https://doi.org/10.7554/eLife. 
53385, PMID: 32129761

El Messari S, Leloup C, Quignon M, Brisorgueil MJ, Penicaud L, Arluison M. 1998. Immunocytochemical 
localization of the insulin- responsive glucose transporter 4 (Glut4) in the rat central nervous system. The 
Journal of Comparative Neurology 399:492–512. DOI: https://doi.org/10.1002/(sici)1096-9861(19981005) 
399:4<492::aid-cne4>3.0.co;2-x, PMID: 9741479

El Messari Saïd, Aït- Ikhlef A, Ambroise DH, Penicaud L, Arluison M. 2002. Expression of insulin- responsive 
glucose transporter GLUT4 mRNA in the rat brain and spinal cord: an in situ hybridization study. Journal of 
Chemical Neuroanatomy 24:225–242. DOI: https://doi.org/10.1016/s0891-0618(02)00058-3, PMID: 12406499

Ferreira- Vieira TH, Guimaraes IM, Silva FR, Ribeiro FM. 2016. Alzheimer’s disease: Targeting the Cholinergic 
System. Current Neuropharmacology 14:101–115. DOI: https://doi.org/10.2174/1570159x136661507161 
65726, PMID: 26813123

https://doi.org/10.7554/eLife.73138
https://github.com/lcneuro/pub_t2dm_age_meta
https://archive.softwareheritage.org/swh:1:dir:cac144998e27c3882698ebdbc5990f365100aee1;origin=https://github.com/lcneuro/pub_t2dm_age_meta;visit=swh:1:snp:b5e2847c8aba26a51d43e0e816623be37cc3bea8;anchor=swh:1:rev:81c32d4b6c25191eef4028a7dd2337b71af59628
https://www.ukbiobank.ac.uk/
https://www.ukbiobank.ac.uk/
https://doi.org/10.1016/j.neuroimage.2017.10.034
https://doi.org/10.1016/j.neuroimage.2017.10.034
http://www.ncbi.nlm.nih.gov/pubmed/29079522
https://doi.org/10.1016/j.jdiacomp.2015.11.016
http://www.ncbi.nlm.nih.gov/pubmed/26689451
https://doi.org/10.1038/nrn846
https://doi.org/10.1038/nrn846
http://www.ncbi.nlm.nih.gov/pubmed/12042878
https://doi.org/10.1016/S1474-4422(05)70284-2
http://www.ncbi.nlm.nih.gov/pubmed/16361024
https://doi.org/10.1210/js.2017-00046
https://doi.org/10.1210/js.2017-00046
http://www.ncbi.nlm.nih.gov/pubmed/29264513
https://doi.org/10.1007/s00125-018-4778-9
https://doi.org/10.1007/s00125-018-4778-9
http://www.ncbi.nlm.nih.gov/pubmed/30547230
https://doi.org/10.1161/01.HYP.0000107251.49515.c2
http://www.ncbi.nlm.nih.gov/pubmed/14656957
https://doi.org/10.1006/cbmr.1996.0014
https://doi.org/10.1006/cbmr.1996.0014
http://www.ncbi.nlm.nih.gov/pubmed/8812068
https://doi.org/10.1002/(sici)1099-1492(199706/08)10:4/5<171::aid-nbm453>3.0.co;2-l
http://www.ncbi.nlm.nih.gov/pubmed/9430344
https://doi.org/10.7554/eLife.53385
https://doi.org/10.7554/eLife.53385
http://www.ncbi.nlm.nih.gov/pubmed/32129761
https://doi.org/10.1002/(sici)1096-9861(19981005)399:4<492::aid-cne4>3.0.co;2-x
https://doi.org/10.1002/(sici)1096-9861(19981005)399:4<492::aid-cne4>3.0.co;2-x
http://www.ncbi.nlm.nih.gov/pubmed/9741479
https://doi.org/10.1016/s0891-0618(02)00058-3
http://www.ncbi.nlm.nih.gov/pubmed/12406499
https://doi.org/10.2174/1570159x13666150716165726
https://doi.org/10.2174/1570159x13666150716165726
http://www.ncbi.nlm.nih.gov/pubmed/26813123


 Research article      Epidemiology and Global Health | Medicine

Antal et al. eLife 2022;11:e73138. DOI: https:// doi. org/ 10. 7554/ eLife. 73138  16 of 24

Fieller EC. 1954. Some Problems in Interval Estimation. Journal of the Royal Statistical Society 16:175–185. DOI: 
https://doi.org/10.1111/j.2517-6161.1954.tb00159.x

Fox PT, Parsons LM, Lancaster JL. 1998. Beyond the single study: function/location metanalysis in cognitive 
neuroimaging. Current Opinion in Neurobiology 8:178–187. DOI: https://doi.org/10.1016/s0959-4388(98) 
80138-4, PMID: 9635200

Gold SM, Dziobek I, Sweat V, Tirsi A, Rogers K, Bruehl H, Tsui W, Richardson S, Javier E, Convit A. 2007. 
Hippocampal damage and memory impairments as possible early brain complications of type 2 diabetes. 
Diabetologia 50:711–719. DOI: https://doi.org/10.1007/s00125-007-0602-7, PMID: 17334649

Higgins JPT, Thompson SG, Deeks JJ, Altman DG. 2003. Measuring inconsistency in meta- analyses. BMJ 
(Clinical Research Ed.) 327:557–560. DOI: https://doi.org/10.1136/bmj.327.7414.557, PMID: 12958120

Jain A, Bansal R, Kumar A, Singh KD. 2015. A comparative study of visual and auditory reaction times on the 
basis of gender and physical activity levels of medical first year students. International Journal of Applied & 
Basic Medical Research 5:124–127. DOI: https://doi.org/10.4103/2229-516X.157168, PMID: 26097821

Kaiser AB, Zhang N, Der Pluijm WV. 2018. Global Prevalence of Type 2 Diabetes over the Next Ten Years 
(2018- 2028). Diabetes 67:Supplement 1. DOI: https://doi.org/10.2337/db18-202-LB

Kobayashi M, Nikami H, Morimatsu M, Saito M. 1996. Expression and localization of insulin- regulatable glucose 
transporter (GLUT4) in rat brain. Neuroscience Letters 213:103–106. DOI: https://doi.org/10.1016/0304-3940( 
96)12845-7, PMID: 8858619

Kurotani S, Umegaki H, Ishiwata K, Suzuki Y, Iguchi A. 2003. The age- associated changes of dopamine- 
acetylcholine interaction in the striatum. Experimental Gerontology 38:1009–1013. DOI: https://doi.org/10. 
1016/s0531-5565(03)00162-1, PMID: 12954488

Maki PM, Henderson VW. 2016. Cognition and the menopause transition. Menopause (New York, N.Y.) 23:803–
805. DOI: https://doi.org/10.1097/GME.0000000000000681, PMID: 27272226

Mankovsky B, Zherdova N, van den Berg E, Biessels G- J, de Bresser J. 2018. Cognitive functioning and 
structural brain abnormalities in people with Type 2 diabetes mellitus. Diabetic Medicine 35:1663–1670. DOI: 
https://doi.org/10.1111/dme.13800, PMID: 30230019

Manschot SM, Brands AMA, van der Grond J, Kessels RPC, Algra A, Kappelle LJ, Biessels GJ, Utrecht Diabetic 
Encephalopathy Study Group. 2006. Brain magnetic resonance imaging correlates of impaired cognition in 
patients with type 2 diabetes. Diabetes 55:1106–1113. DOI: https://doi.org/10.2337/diabetes.55.04.06.
db05- 1323, PMID: 16567535

Moheet A, Mangia S, Seaquist ER. 2015. Impact of diabetes on cognitive function and brain structure. Annals of 
the New York Academy of Sciences 1353:60–71. DOI: https://doi.org/10.1111/nyas.12807, PMID: 26132277

Mujica- Parodi LR, Amgalan A, Sultan SF, Antal B, Sun X, Skiena S, Lithen A, Adra N, Ratai EM, Weistuch C, 
Govindarajan ST, Strey HH, Dill KA, Stufflebeam SM, Veech RL, Clarke K. 2020. Diet modulates brain network 
stability, a biomarker for brain aging, in young adults. PNAS 117:6170–6177. DOI: https://doi.org/10.1073/ 
pnas.1913042117, PMID: 32127481

Muramatsu I, Uwada J, Yoshiki H, Sada K, Lee K- S, Yazawa T, Taniguchi T, Nishio M, Ishibashi T, Masuoka T. 2019. 
Novel regulatory systems for acetylcholine release in rat striatum and anti- Alzheimer’s disease drugs. Journal of 
Neurochemistry 149:605–623. DOI: https://doi.org/10.1111/jnc.14701, PMID: 30968952

Ninomiya T. 2014. Diabetes mellitus and dementia. Current Diabetes Reports 14:487. DOI: https://doi.org/10. 
1007/s11892-014-0487-z, PMID: 24623199

Page MJ, Moher D, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, Shamseer L, Tetzlaff JM, Akl EA, 
Brennan SE, Chou R, Glanville J, Grimshaw JM, Hróbjartsson A, Lalu MM, Li T, Loder EW, Mayo- Wilson E, 
McDonald S, McGuinness LA, et al. 2021. PRISMA 2020 explanation and elaboration: updated guidance and 
exemplars for reporting systematic reviews. BMJ (Clinical Research Ed.) 372:160. DOI: https://doi.org/10.1136/ 
bmj.n160, PMID: 33781993

Pelimanni E, Jehkonen M. 2018. Type 2 Diabetes and Cognitive Functions in Middle Age: A Meta- Analysis. 
Journal of the International Neuropsychological Society 25:215–229. DOI: https://doi.org/10.1017/ 
S1355617718001042

Prast H, Fischer H, Werner E, Werner- Felmayer G, Philippu A. 1995. Nitric oxide modulates the release of 
acetylcholine in the ventral striatum of the freely moving rat. Naunyn- Schmiedeberg’s Archives of 
Pharmacology 352:67–73. DOI: https://doi.org/10.1007/BF00169191, PMID: 7477427

R Development Core Team. 2018. R: A language and environment for statistical computing. Vienna, Austria. R 
Foundation for Statistical Computing. http://www.r-project.org

Rawlings AM, Sharrett AR, Schneider ALC, Coresh J, Albert M, Couper D, Griswold M, Gottesman RF, 
Wagenknecht LE, Windham BG, Selvin E. 2014. Diabetes in midlife and cognitive change over 20 years: a 
cohort study. Annals of Internal Medicine 161:785–793. DOI: https://doi.org/10.7326/M14-0737, PMID: 
25437406

Sanchis- Segura C, Ibañez- Gual MV, Adrián- Ventura J, Aguirre N, Gómez- Cruz ÁJ, Avila C, Forn C. 2019. Sex 
differences in gray matter volume: how many and how large are they really? Biology of Sex Differences 
10:1–19. DOI: https://doi.org/10.1186/s13293-019-0245-7, PMID: 31262342

Seabold S, Perktold J. 2010. Statsmodels: Econometric and Statistical Modeling with Python. Python in Science 
Conference. 92–96. DOI: https://doi.org/10.25080/Majora-92bf1922-011

Sokoloff L. 1955. The effect of mental arithmetic on cerebral circulation and metabolism. The Journal of Clinical 
Investigation 34:1101–1108. DOI: https://doi.org/10.1172/JCI103159, PMID: 14392225

Sudlow C, Gallacher J, Allen N, Beral V, Burton P, Danesh J, Downey P, Elliott P, Green J, Landray M, Liu B, 
Matthews P, Ong G, Pell J, Silman A, Young A, Sprosen T, Peakman T, Collins R. 2015. UK biobank: an open 

https://doi.org/10.7554/eLife.73138
https://doi.org/10.1111/j.2517-6161.1954.tb00159.x
https://doi.org/10.1016/s0959-4388(98)80138-4
https://doi.org/10.1016/s0959-4388(98)80138-4
http://www.ncbi.nlm.nih.gov/pubmed/9635200
https://doi.org/10.1007/s00125-007-0602-7
http://www.ncbi.nlm.nih.gov/pubmed/17334649
https://doi.org/10.1136/bmj.327.7414.557
http://www.ncbi.nlm.nih.gov/pubmed/12958120
https://doi.org/10.4103/2229-516X.157168
http://www.ncbi.nlm.nih.gov/pubmed/26097821
https://doi.org/10.2337/db18-202-LB
https://doi.org/10.1016/0304-3940(96)12845-7
https://doi.org/10.1016/0304-3940(96)12845-7
http://www.ncbi.nlm.nih.gov/pubmed/8858619
https://doi.org/10.1016/s0531-5565(03)00162-1
https://doi.org/10.1016/s0531-5565(03)00162-1
http://www.ncbi.nlm.nih.gov/pubmed/12954488
https://doi.org/10.1097/GME.0000000000000681
http://www.ncbi.nlm.nih.gov/pubmed/27272226
https://doi.org/10.1111/dme.13800
http://www.ncbi.nlm.nih.gov/pubmed/30230019
https://doi.org/10.2337/diabetes.55.04.06.db05-1323
https://doi.org/10.2337/diabetes.55.04.06.db05-1323
http://www.ncbi.nlm.nih.gov/pubmed/16567535
https://doi.org/10.1111/nyas.12807
http://www.ncbi.nlm.nih.gov/pubmed/26132277
https://doi.org/10.1073/pnas.1913042117
https://doi.org/10.1073/pnas.1913042117
http://www.ncbi.nlm.nih.gov/pubmed/32127481
https://doi.org/10.1111/jnc.14701
http://www.ncbi.nlm.nih.gov/pubmed/30968952
https://doi.org/10.1007/s11892-014-0487-z
https://doi.org/10.1007/s11892-014-0487-z
http://www.ncbi.nlm.nih.gov/pubmed/24623199
https://doi.org/10.1136/bmj.n160
https://doi.org/10.1136/bmj.n160
http://www.ncbi.nlm.nih.gov/pubmed/33781993
https://doi.org/10.1017/S1355617718001042
https://doi.org/10.1017/S1355617718001042
https://doi.org/10.1007/BF00169191
http://www.ncbi.nlm.nih.gov/pubmed/7477427
http://www.r-project.org
https://doi.org/10.7326/M14-0737
http://www.ncbi.nlm.nih.gov/pubmed/25437406
https://doi.org/10.1186/s13293-019-0245-7
http://www.ncbi.nlm.nih.gov/pubmed/31262342
https://doi.org/10.25080/Majora-92bf1922-011
https://doi.org/10.1172/JCI103159
http://www.ncbi.nlm.nih.gov/pubmed/14392225


 Research article      Epidemiology and Global Health | Medicine

Antal et al. eLife 2022;11:e73138. DOI: https:// doi. org/ 10. 7554/ eLife. 73138  17 of 24

access resource for identifying the causes of a wide range of complex diseases of middle and old age. PLOS 
Medicine 12:e1001779. DOI: https://doi.org/10.1371/journal.pmed.1001779, PMID: 25826379

Tessari P, Cecchet D, Cosma A, Vettore M, Coracina A, Millioni R, Iori E, Puricelli L, Avogaro A, Vedovato M. 
2010. Nitric oxide synthesis is reduced in subjects with type 2 diabetes and nephropathy. Diabetes 59:2152–
2159. DOI: https://doi.org/10.2337/db09-1772, PMID: 20484137

Thomas NJ, Jones SE, Weedon MN, Shields BM, Oram RA, Hattersley AT. 2018. Frequency and phenotype of 
type 1 diabetes in the first six decades of life: a cross- sectional, genetically stratified survival analysis from UK 
Biobank. The Lancet. Diabetes & Endocrinology 6:122–129. DOI: https://doi.org/10.1016/S2213-8587(17) 
30362-5, PMID: 29199115

Tomasi D, Volkow ND. 2012. Aging and functional brain networks. Molecular Psychiatry 17:471. DOI: https://doi. 
org/10.1038/mp.2011.81, PMID: 21727896

Tomasi D, Wang GJ, Volkow ND. 2013. Energetic cost of brain functional connectivity. PNAS 110:13642–13647. 
DOI: https://doi.org/10.1073/pnas.1303346110, PMID: 23898179

Tuligenga RH. 2015. Intensive glycaemic control and cognitive decline in patients with type 2 diabetes: a 
meta- analysis. Endocrine Connections 4:R16–R24. DOI: https://doi.org/10.1530/EC-15-0004, PMID: 25712899

Van Horn JD, Grafton ST, Rockmore D, Gazzaniga MS. 2004. Sharing neuroimaging studies of human cognition. 
Nature Neuroscience 7:473–481. DOI: https://doi.org/10.1038/nn1231, PMID: 15114361

Vannucci SJ, Koehler- Stec EM, Li K, Reynolds TH, Clark R, Simpson IA. 1998. GLUT4 glucose transporter 
expression in rodent brain: effect of diabetes. Brain Research 797:1–11. DOI: https://doi.org/10.1016/
s0006- 8993(98)00103-6, PMID: 9630471

Viechtbauer W. 2010. Conducting Meta- Analyses in R with The metafor Package. Journal of Statistical Software 
36:i03. DOI: https://doi.org/10.18637/jss.v036.i03

Weistuch C, Mujica- Parodi LR, Amgalan A, Dill KA. 2021. Metabolism Modulates Network Synchrony in the 
Aging Brain. PNAS 118:40. DOI: https://doi.org/10.1073/pnas.2025727118

Yarkoni T, Poldrack RA, Van Essen DC, Wager TD. 2010. Cognitive neuroscience 2.0: building a cumulative 
science of human brain function. Trends in Cognitive Sciences 14:489–496. DOI: https://doi.org/10.1016/j.tics. 
2010.08.004, PMID: 20884276

Yarkoni T, Poldrack RA, Nichols TE, Van Essen DC, Wager TD. 2011. Large- scale automated synthesis of human 
functional neuroimaging data. Nature Methods 8:665–670. DOI: https://doi.org/10.1038/nmeth.1635, PMID: 
21706013

Zang Y- F, He Y, Zhu C- Z, Cao Q- J, Sui M- Q, Liang M, Tian L- X, Jiang T- Z, Wang Y- F. 2007. Altered baseline brain 
activity in children with ADHD revealed by resting- state functional MRI. Brain & Development 29:83–91. DOI: 
https://doi.org/10.1016/j.braindev.2006.07.002, PMID: 16919409

Zilliox LA, Chadrasekaran K, Kwan JY, Russell JW. 2016. Diabetes and Cognitive Impairment. Current Diabetes 
Reports 16:87. DOI: https://doi.org/10.1007/s11892-016-0775-x, PMID: 27491830

https://doi.org/10.7554/eLife.73138
https://doi.org/10.1371/journal.pmed.1001779
http://www.ncbi.nlm.nih.gov/pubmed/25826379
https://doi.org/10.2337/db09-1772
http://www.ncbi.nlm.nih.gov/pubmed/20484137
https://doi.org/10.1016/S2213-8587(17)30362-5
https://doi.org/10.1016/S2213-8587(17)30362-5
http://www.ncbi.nlm.nih.gov/pubmed/29199115
https://doi.org/10.1038/mp.2011.81
https://doi.org/10.1038/mp.2011.81
http://www.ncbi.nlm.nih.gov/pubmed/21727896
https://doi.org/10.1073/pnas.1303346110
http://www.ncbi.nlm.nih.gov/pubmed/23898179
https://doi.org/10.1530/EC-15-0004
http://www.ncbi.nlm.nih.gov/pubmed/25712899
https://doi.org/10.1038/nn1231
http://www.ncbi.nlm.nih.gov/pubmed/15114361
https://doi.org/10.1016/s0006-8993(98)00103-6
https://doi.org/10.1016/s0006-8993(98)00103-6
http://www.ncbi.nlm.nih.gov/pubmed/9630471
https://doi.org/10.18637/jss.v036.i03
https://doi.org/10.1073/pnas.2025727118
https://doi.org/10.1016/j.tics.2010.08.004
https://doi.org/10.1016/j.tics.2010.08.004
http://www.ncbi.nlm.nih.gov/pubmed/20884276
https://doi.org/10.1038/nmeth.1635
http://www.ncbi.nlm.nih.gov/pubmed/21706013
https://doi.org/10.1016/j.braindev.2006.07.002
http://www.ncbi.nlm.nih.gov/pubmed/16919409
https://doi.org/10.1007/s11892-016-0775-x
http://www.ncbi.nlm.nih.gov/pubmed/27491830


 Research article      Epidemiology and Global Health | Medicine

Antal et al. eLife 2022;11:e73138. DOI: https:// doi. org/ 10. 7554/ eLife. 73138  18 of 24

Appendix 1

Sample Sizes for T2DM+ vs HC Analyses from UK Biobank,
T2DM+ Only, to be Exact Matched with HC

A

C

B

Appendix 1—figure 1. Sample size distributions in type 2 diabetes mellitus (T2DM) vs. healthy control (HC) 
analyses. The values shown represent T2DM+ only, T2DM+ were matched with an equivalent number of HCs, 
resulting in twice the number of samples in every analysis. The bars are stacked. (A) Gray matter volume analyses, 
(B) brain activation (amplitude of low- frequency fluctuation [ALFF]) analyses, and (C) cognition analyses (five 
domains).

https://doi.org/10.7554/eLife.73138
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Sample Sizes for Age-Related Analyses from UK Biobank, HC Only, Matched Samples

A B

C

Appendix 1—figure 2. Sample size distributions of the analyses that investigated age as the factor of interest. 
Samples included healthy control (HC) only and were matched for sex, education, and hypertension across age. 
The matching method resulted in ‘sample chains’ across age: within each chain, samples were equivalent in terms 
of sex, education, and hypertension. The bars are stacked. (A) Gray matter volume analyses, (B) brain activation 
(amplitude of low- frequency fluctuation [ALFF]) analyses, and (C) cognition analyses (five domains).

https://doi.org/10.7554/eLife.73138
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Sample Sizes for the Analysis of Gray Matter Volume
with Respect to T2DM Duration, UK Biobank Dataset

Appendix 1—figure 3. Sample size distribution in the analysis that investigated type 2 diabetes mellitus (T2DM) 
duration as the main factor. The values shown represent one out of the three duration groups (healthy controls 
[HCs], T2DM+ for 0–9 years, and T2DM+ for 10+ years). Samples across the three duration groups were matched 
for age, sex, education, and hypertension. Given the three groups, the total sample size was three times what 
is shown here. The statistical analysis included T2DM+ samples only (for which duration was defined), HCs were 
included for visual representation only. The bars are stacked.

https://doi.org/10.7554/eLife.73138


 Research article      Epidemiology and Global Health | Medicine

Antal et al. eLife 2022;11:e73138. DOI: https:// doi. org/ 10. 7554/ eLife. 73138  21 of 24

Cognitive Performance Trends across Age and T2DM Status, UK Biobank Dataset

Appendix 1—figure 4. Plots representing trends across age and type 2 diabetes mellitus (T2DM) for each of the 
five investigated cognitive domains. For executive function and reaction time, lower scores represented better 
performance. The linear trends across age were robust and justified modeling age as a linear factor. The apparent 
deviation from linear trends in the youngest and oldest age groups is explained by markedly smaller sample sizes 
in those age groups (see underlying sample sizes in Appendix 1—figure 1C).

https://doi.org/10.7554/eLife.73138
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Gray Matter Volume Trends across Age and T2DM Status, UK Biobank Dataset

Appendix 1—figure 5. Plots representing trends across age and type 2 diabetes mellitus (T2DM) for six regions 
that exhibited the strongest trends in gray matter volume changes. The linear trends across age were robust and 
justified modeling age as a linear factor. The apparent deviation from linear trends in the youngest and oldest 
age groups is explained by markedly smaller sample sizes in those age groups (see underlying sample sizes in 
Appendix 1—figure 1A).

https://doi.org/10.7554/eLife.73138
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Brain Activation (ALFF) Reorganization Trends across Age and T2DM Status, UK Biobank Dataset

Appendix 1—figure 6. Lineplots representing trends across age and type 2 diabetes mellitus (T2DM) for six 
regions that exhibited the strongest trends in brain activation (amplitude of low- frequency fluctuation [ALFF]). The 
linear trends across age were robust and justified modeling age as a linear factor. The apparent deviation from 
linear trends in the youngest and oldest age groups is explained by markedly sample sizes in those age groups 
(see underlying sample sizes in Appendix 1—figure 1B).

https://doi.org/10.7554/eLife.73138
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Sample Sizes for Metformin-Related Analyses from UK Biobank,
Medicated Only, to be Matched with Unmedicated

A

C

B

Appendix 1—figure 7. Sample size distributions in metformin medication status- related analyses. The values 
shown represent metformin medicated type 2 diabetes mellitus (T2DM)+ only, these samples were matched with 
an equivalent number of unmedicated T2DM+ samples, resulting in twice the number of samples in every analysis. 
Samples were matched for age, sex, education, and hypertension. The bars are stacked. (A) Gray matter volume 
analyses, (B) brain activation analyses, and (C) cognition analyses (five domains).

https://doi.org/10.7554/eLife.73138
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