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Saman Sarraf 1,3 , Bárbara Avelar-Pereira 1,2,3, S. M. Hadi Hosseini 1 & for the Alzheimer’s Disease
Neuroimaging Initiative*

WepresentMINT (Multilayer Integration ofNetworks Toolbox), a Python package for multimodal data
integration and community detection. MINT includes data standardization, Similarity Network Fusion,
Generalized Louvain clustering, visualization, cross-validation, and modality selection optimization,
capturing complex relationships among disease markers. We applied MINT to two multimodal
datasets spanning the Alzheimer’s disease (AD) spectrum: a primary cohort of 206 participants and a
validation cohort of 143 participants, including structural magnetic resonance imaging (MRI), amyloid
positron emission tomography (PET), cerebrospinal fluid (CSF), cognition, and genetics. We
hypothesized that modeling intra- and inter-modality associations would improve AD prediction and
identify preclinical cases. Across both datasets, MINT identified PET and CSF as optimal modalities
and detected two communities: one AD-dominant and one cognitively normal-dominant (CN).
Sensitivity and specificity for CN and AD were 84.38% (95% CI: 73.14–92.24) and 92.65% (95% CI:
83.67–97.57). TheAD-dominant community exhibited poorer cognition andhigher genetic risk andAD
pathology (p < 0.001). CN individuals in this group showed elevated amyloid (p=0.009), tau (p=0.004),
and ptau (p < 0.001) compared to AD individuals in the CN-dominant group. MINT can identify
biologically relevant subgroups, predict disease progression, and serves as a powerful tool for
uncovering complex relationships across heterogeneous and multifactorial disorders.

Most psychiatric and neurological conditions are heterogeneously mani-
fested by a broad multifactorial spectrum of complex interactions where
various biomarkers represent different aspects of the disorder1. Unraveling
the heterogeneity of such diseases allows for effective diagnostics and
treatment2. Therefore, capturing interactions among different aspects of a
disease, including biology, pathology, and behavior, requires tools able to
explore the relationships between biomarkers. This can be done through a
model that identifies biologically coherent subtypes in a population.
Although studying biomarkers independently provides important insights,
it does not account for the impact of possible links between them. A single
biomarker is a suboptimal individual predictor but increases the ability to
detect disease by interacting with other biomarkers. Such interactions
enhance the predictability of early diagnoses. Over the past decades, mul-
timodal data has enabled scientists to explore a multitude of biomarkers,
such as imaging, clinical, and biological, to decipher the heterogeneity
within clinically defined disorders. Translation of findings from a multi-
modal approach using a single model has been of interest to many
researchers, as itmay allow for the identification of conditions using a single

modality but also allow us to consider inter-modality relations through a
single model.

From a modeling perspective, multimodality focuses on three major
categories3 (a) multimodal representation learning4, (b) multimodal trans-
formation and alignment5, and (c) multimodal fusion and collaborative
learning6. All these categories offer a broad range of models, such as
supervised deep learning methods7 and unsupervised graph-based model-
ing, and require multimodal data collection, including imaging, demo-
graphic, cognition, and genomics data. Supervised methods using deep
learning algorithmsmainly focus onmedical imaging data and their clinical
labels to train models, and such models require an enormous amount of
multimodal data, which is considered a limitation. In graph-based
approaches, a model explores inter- or intra-connectivity between mod-
ules or communities built in a graphusing similarity features extracted from
multimodal data. In this approach, nodes of the graph represent individuals,
and the strength of the connections between nodes represents the similarity
of individuals on a biomarker of interest. Network-based community
detection algorithms are then applied to cluster nodes in each network that
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are strongly connectedwithin a cluster but poorly connected to the nodes of
other clusters. This framework offers the ability to utilize various features
with different scales, such as demographics or cognitive data, to capture
heterogeneity in a disease. This capability allows community detection
based on network topology and shared features across nodes beyond their
connectivity patterns8.

Similarity Network Fusion (SNF) and Generalized Louvain (GenLou-
vain) are two graph-based approaches able to fuse multimodal data. Gen-
Louvain can handle networks that have multiple layers, where each layer
represents a different type of relationship (or modality) between the same
nodes. SNF is an advanced community detection method that utilizes mul-
timodal data to construct an individual sample-similarity network for each
modality and fuses the similarity networks into one single similarity network
by applying a nonlinear combination method9. Overall, SNF aims at
increasing signals in underlying data by efficiently integrating each data type
similarity network into one representing a full spectrum of all modalities9.
Unlike the GenLouvain community detection algorithm10, which uses mul-
timodal networks to identify communities within the network using mod-
ularity optimization, multilayer SNF generates a unified network from
multimodal data by calculating pairwise similarities among data points9.

This manuscript presents MINT, an open-source Python package
(https://code.stanford.edu/cbrain/mint) designed to facilitate multilayer
network integration and community detection utilizing multimodal data at
scale (see “Code availability” for more details). MINT comprises several
modules crafted to (a) standardize input data, (b) execute GenLouvain or
multilayer SNF algorithms, (c) visualize intermediate results, (d) perform
cross-validation techniques, and (e) optimize identified communities by
selecting an optimal combination of modalities, maximizing silhouette
scores. MINT offers an extensive array of parameters with predefined
default values, augmenting theflexibility for advanced communitydetection
while ensuring users can obtain standard outcomes utilizing base para-
meters. Furthermore, we propose a post-processing mechanism integrated
withinMINT, which systematically assigns predefined labels to community
constituents, therebydelineating subgroupswithin communities to facilitate
statistical analyses. Implementing MINT enables rapid scalability to
accommodate diverse multimodal datasets across various domains.

Todemonstrate the capabilities of theMINTpackage,we applied it to a
multimodal dataset of patients with Alzheimer’s disease (AD). AD is a
neurodegenerative disorder resulting in progressive cognitive decline and
behavioral changes. It primarily affects older individuals and is the leading
cause of dementia worldwide. Pathologically, AD is characterized by the
accumulation of abnormal protein aggregates in the brain, including beta-
amyloid plaques and tau tangles, which disrupt neuronal function and
communication11. As the disease advances, these protein deposits lead to
widespread neuronal damage and death, particularly in regions crucial for
memory and other cognitive functions, such as the medial temporal lobe
and the neocortex. The exact etiology of AD remains unclear, but genetic,
environmental, and lifestyle factors are thought to contribute to its
development12.

Community detectionusingmultimodal data plays a crucial role inAD
prediction due to its capacity to capture the comprehensive and hetero-
geneous nature of the disease. AD pathology involves complex interactions
across multiple levels of brain structure and function, including alterations

in neuronal connectivity, protein aggregation, and neuroinflammation.
Utilizing multimodal data, such as pathological, structural and functional
neuroimaging, genetics, fluid biomarkers, and clinical assessments, enables
a holistic understanding of these underlying mechanisms. Our MINT
package integrates diverse data sources and community detectionmethods,
including GenLouvain and SNF, followed by an optimization step that can
identify distinct subnetworks or communities that exhibit coordinated
changes across modalities in individuals along the AD spectrum. MINT
identifies these communities, which may correspond to functional net-
works, genetic profiles, or clinical phenotypes, providing valuable insights
into disease progression and heterogeneity. Moreover, multimodal com-
munity detection facilitates the development of predictive models that
leverage complementary information from different data modalities,
enhancing the accuracy and robustness of AD prediction.

Results
MINT successfully predicts future AD
To test the effectiveness of our package, we applied it to data from the
Alzheimer’s Disease Neuroimaging Initiative (ADNI, http://adni.loni.usc.
edu). ADNI is a large-scale longitudinal multicenter project developed with
the goal of creating and validating biomarkers for the detection of AD.
Details on the inclusion and exclusion criteria can be found elsewhere13, and
informed consent was obtained from all participants or their authorized
representatives. The sample used in our study consists of 206 participants
(age 71.75 ± 7.08, 55–90.3, 95women), shown inTable 1,whohad complete
data across five modalities: genetics, cerebrospinal fluid (CSF) biomarkers,
cognition, FreeSurfer-derived (FS) structural magnetic resonance imaging
(MRI), and amyloid positron emission tomography (PET) at baseline (for
details on specific modalities see Supplementary Information). The sample
included cognitively healthy (CN), mild cognitive impairment (MCI) and
AD individuals. Individuals with MCI or dementia unrelated to AD were
excluded from statistical analyses. MCI was diagnosed following the
Petersen criteria,which includes aMini-Mental StateExamination (MMSE)
between 24 and 3014, subjective memory concerns, abnormal memory
function15, a clinical dementia rating of 0.516, absence of significant
impairment in other cognitive domains, and absence of dementia. A par-
ticipant was considered to have AD if they met the NINCDS-ADRDA
criteria forprobabledementia17. To furtherunderstand the clinical relevance
of the identified communities, we examined longitudinal diagnostic con-
version trends among community members. Notably, several CN indivi-
duals grouped into AD-dominant communities exhibited higher-than-
expected rates of progression to MCI or AD at follow-up, while some AD-
diagnosed subjects in CN-dominant communities showed relatively stable
trajectories. These findings suggest that community membership may
reflect latent phenotypic patterns not fully captured by baseline clinical
labels and support the potential ofMINT to identify at-risk sub-populations
in an unsupervised, data-driven manner. A detailed breakdown for each
community is provided in Supplementary Table 1 as well as Supplementary
Fig. 1. See Table 2 for group comparisons between CN and AD individuals.

In order to obtain our SNF results, the datawere first normalized (with
the exception of genetics), and covariates were regressed out. For MRI and
PET, covariates included age, gender, and total intracranial volume (ICV);
for CSF and cognition, these included age and gender, and for genetics, only

Table 1 | Group demographics and neuropsychological scores

CN AD Group differences

Mean age ± SD 71.2 ± 7.3 72.8 ± 6.9 t(120) =−1.27, p = 0.105

Sex (female/male) 33/35 28/26 χ2(1) = 0.13, p = 0.715

Logical memory scores ± SD 12.84 ± 3.69 4.85 ± 3.80 t(120) = 11.72, p < 0.001

MMSE ± SD 29.2 ± 1.1 26.8 ± 2.3 t(71.36) = 7.13, p < 0.001

Clinical Dementia Rating
scale (CDR) ± SD

0.4 ± 0.8 2.3 ± 1.3 χ2(11) = 65.44, p < 0.001

Total intracranial volume (ICV) ± SD 1.489,012 ± 126,755 1.499,908 ± 203,826 t(84.27) =−0.34, p = 0.366
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gender was used. Spearman correlations between measures across subjects
were then calculated for each modality to extract similarity matrices. Next,
the toolbox extracted communities using a multimodal SNF approach,
followed by 10-fold cross-validation. Finally, the most optimized set of
modalities was identified using our enhanced Silhouette score-based algo-
rithm (Supplementary Fig. 5 and Supplementary Fig. 6). Figure 1 demon-
strates five modalities and communities detected by SNF for the original
SNF as well as optimized with and without cross-validation.

Here, we show the results for the optimized SNF with cross-validation
(Fig. 1), as this analysis yielded themost cohesive communities as indicated
by the silhouette score as the goodnessmetric for clustering (for resultsusing
GenLouvain, see Supplementary Fig. 1). The optimizationmodule ofMINT
identified CSF and PET as the best-performing modality combination in
this dataset. Two different communities were identified, one including the
majority of CN and stable MCI participants (community 1) and the other
including the majority of present and future AD cases (community 2) (see
Table 2 for final diagnosis details and Supplementary Table 2 for baseline
diagnosis). Sensitivity and specificity for CN and AD individuals were
84.38% (95% Confidence Interval [CI]: 73.14–92.24) and 92.65% (95% CI:
83.67–97.57), respectively. We further examined the dimensions in which
communities differed from one another (Bonferroni corrected p = 0.0036).
Firstly, there were no differences between communities in age

(t(204) =−1.134, p = 0.129) or sex (χ(1) = 0.257, p = 0.612). APOEϵ4 status
differed between groups, with those in community 2 including more indi-
viduals with one or two ϵ4 allele(s) (χ(4) = 44.203, p < 5.82 × 10−9). Those in
community 2 were also less educated (t(204) = 2.255, p = 0.013). Impor-
tantly, the communities differed in a range of clinical and cognitive
assessments, with community 2 showing worse performance in the MMSE
(t(101.636) = 6.571, p < 0.001), Montreal Cognitive Assessment (MoCA;
t(203) = 6.483, p < 0.001), Alzheimer’s Disease Assessment Scale (ADAS13;
t(111.827) =−7.082, p < 0.001), and clinical dementia rating (CDR;
t(92.399) =−6.721, p < 0.001). Likewise, the communities differed in
measures of AD pathology (see Fig. 1) such as amyloid PET
(t(204) =−18.882, p < 0.001), CSF amyloid (t(199.485) = 17.077, p < 0.001),
tau (t(80.451) =−9.735, p < 0.001), ptau (t(88.589) =−12.359, p < 0.001),
and hippocampal volume (t(187) = 4.391, p < 0.001). Based on these find-
ings illustrated in Fig. 2, we refer to community 1 and 2 as CN- and AD-
dominant, respectively.

Furthermore, when comparing MCI individuals between commu-
nities, we found a significant difference in amyloidPET (U = 132, p < 0.001),
with those in the AD-dominant community having higher amyloid load
than those in theCN-dominant community (Fig. 1). The communitieswere
also significantly different in CSF amyloid (U = 90, p < 0.001), tau
(U = 274.50, p < 0.001), and ptau (U = 87.50, p < 0.001). These results sug-
gest that MCI cases in community 2 are more likely to have AD-related
MCI, compared to those in community 1, or to be at a more advanced stage
of the disease.

MINT is able to capture pathology regardless of mismatches
between diagnosis and community allocation
Next, we investigated subjects whose diagnosis did not match their com-
munity allocation. CN subjects who were placed in community 2, the AD-
dominant community, correspond to only 7.4% of all individuals who
developedADatfinal available diagnosis. In addition,we comparedCNand
AD participants within the AD-dominant community in regard to amyloid
load, but found no significant differences (U = 106, p = 0.895), suggesting
that CN individuals allocated to the AD-dominant community had an
equivalent amount of amyloid in the brain compared to those already
diagnosed with AD.

Table 2 | Summary of community composition by final
diagnosis

Diagnosis Community 1 Community 2 Total

CN (% within
diagnosis)

63 (92.6%) 5 (7.4%) 68 (100%)

MCI (% within
diagnosis)

59 (74.7%) 20 (25.3%) 79 (100%)

AD (% within
diagnosis)

10 (18.5%) 44 (81.5%) 54 (100%)

Communities are labeled based on the dominant clinical diagnosis at final follow-ups. Notably,
communities also contain individuals with differing baseline diagnoses, highlighting the
unsupervised nature of the clustering (see Supplementary Table 2).

Fig. 1 |Optimized SNF-based community detection acrossmultimodal data.This
figure visualizes the communities detected using the SNF algorithm across five
modalities. It compares original SNF, optimized SNF without cross-validation, and

optimized SNFwith cross-validation. The latter, whichmaximized silhouette scores,
produced the most cohesive clustering, identifying two clinically meaningful com-
munities representing AD-dominant and CN-dominant subgroups.
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In addition,we comparedAD individuals between community 1 and2,
and found that AD cases in the CN-dominant community had significantly
less AD-related pathology as measured by amyloid PET (U = 52.5,
p < 0.001), CSF tau (U = 32.5, p < 0.001) and CSF ptau (U = 34.5, p < 0.001)
when compared with AD subjects in the AD-dominant community.
Similarly, CN individuals in community 1 and 2 differed in the same
measures of pathology (amyloid PET: U = 4, p < 0.001; CSF tau: U = 17,
p < 0.001; CSF ptau: U = 15, p < 0.001), with CN individuals in the AD-
dominant community showing a higher load of amyloid and tau. Finally, we
compared CN individuals in the AD-dominant and AD individuals in CN-
dominant communities. These yielded interesting findings, since healthy
individuals allocated to the AD-dominant community showing higher
pathology than AD individuals allocated to the CN-dominant community
(amyloidPET: t(13) =−2.686, p = 0.009;CSF tau: t(13) =−3.138, p = 0.004;
CSFptau: t(13) =−4.309,p < 0.001). This is noteworthy, suggesting that our
methodology was able to identify participants who were labeled as cogni-
tively normal but who still displayed higher pathology levels than indivi-
duals already formally diagnosed with AD. Our findings also indicate that
the identified communities capture meaningful variation in glucose meta-
bolism, as evidenced by significant differences in FDG uptake between
groups shown in Supplementary Fig. 3 and Supplementary Fig. 4.

MINT captures amyloid positivity
Wealso investigatedwhetherourmethodologywas successful in identifying
amyloid-positive individuals regardless of diagnosis. As visible in Fig. 3, the
AD-dominant community was composed exclusively of amyloid-positive
individuals, whereas the CN-dominant community included all amyloid-
negative and 37 amyloid-positive participants. Importantly, individuals in

the AD-dominant community had significantly higher amyloid load
(t(105) =−4.095, p < 0.001), as well as lower hippocampal volume
(t(96) = 2.795, p = 0.003). Interestingly, the amyloid positive individuals in
the two communities also differed in other AD pathological measures such
as CSF amyloid (t(105) = 8.359, p < 0.001), CSF tau (t(105) =−5.865,
p < 0.001) andCSFptau (t(105) =−7.744, p < 0.001).Overall, thesefindings
suggest that amyloid-positive individuals in the AD-dominant community
have a significantly higher level of pathology compared to amyloid-positive
individuals in the CN-dominant community and are at a more advanced
stage of the disease.

Validation and early signs of Alzheimer’s pathology
We validated our findings using an independent sample of 143 ADNI
individuals (age 71.54 ± 6.80, 55–89, 65women) who had baseline genetics,
CSF biomarkers, cognition, MRI, and amyloid PET. The validation sample
showed similar results to the main analyses (Fig. 3 and Supplementary
Fig. 6). Similar to the previous internal validation, the optimizationmodule
ofMINT selectedCSF and PETas the optimal combination ofmodalities in
this external validation dataset (Silhoutte scores shown in Supplementary
Fig. 6). Community 1 had 96.1% of CN individuals and community 2 had
78.3% of AD individuals at final diagnosis. We further compared groups
using non-parametric tests and a Bonferroni corrected p-value of 0.0063.
Communities differed in cognitive performance, with community 2 dis-
playing worse cognition in the MMSE (U = 1134.5, p < 0.001), MoCA
(U = 1144.5, p < 0.001), ADAS13 (U = 927.5, p < 0.001), and CDR
(U = 1065, p < 0.001) scale. Moreover, community 2 had higher levels of
AD-related pathology (Fig. 4) as measured by amyloid PET (U = 88,
p < 0.001) CSF tau (U = 667, p < 0.001), ptau (U = 707, p < 0.001), and

Fig. 2 | Pathology load by community and diagnosis.Values for community 1 (i.e., CN-dominant) and 2 (i.e., AD-dominant) by diagnosis group forA amyloid PET,BCSF
tau, and C CSF ptau. Boxplot centerline: median; box limits: upper and lower quartiles; whiskers: 1.5× interquartile range (IQR); outliers: beyond 1.5 the IQR.

Fig. 3 | Amyloid positivity and PET load by community. Amyloid positivity,
showing both the number of individuals who are amyloid positive in each com-
munity as well as PET amyloid load in amyloid-positive individuals. Boxplot

centerline: median; box limits: upper and lower quartiles; whiskers: 1.5× inter-
quartile range (IQR); outliers: beyond 1.5 the IQR.
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hippocampal volume (U = 557.5, p < 0.001). Amyloid PET (U = 5,
p = 0.001), CSF tau (U = 13, p = 0.025), and ptau (U = 17.5, p = 0.037) were
also significantly higher inAD individuals of community 2 compared toAD
individuals of community 1. Importantly, the high degree of similarity
between the main results and validation findings displays the robustness of
MINT as a predictor of AD diagnosis.

Discussion
We implemented a scalable community detection toolbox in Python called
MINT that allows researchers to (1) prepare a wide range of multimodal
data, (2) apply GenLouvain or SNF, (3) enhance the robustness of com-
munities detected through a cross-validation step, and (4) clarify what is the
optimal combination of modalities by employing an enhanced Silhouette
score-based optimization algorithm. The optimization technique developed
in this toolbox is a unique capability based on evaluating the performance of
communities anddemonstrating the improvement in communities’quality.
Moreover, our toolbox addresses gaps in already existing tools, as it includes
scalability, ease of use for non-technical users, customizable hyper-
parameters for technical users, as well as cross-validation. The MINT
optimization module is integral to enhancing community detection, as it
selects the optimal combination of modalities based on the silhouette score,
thereby strengthening community segregation and enabling more precise
statistical analyses between communities. This approach significantly
improves the silhouette score compared to the original SNF across all
validations, highlighting its effectiveness. Moreover, a rigorous external
validation process was implemented, benchmarking it against ADNI-
optimized and cross-validated results. The validation sample displayed
consistent patterns with the primary dataset, validating the robustness and
reliability of the MINT framework in refining modality selection and
advancing community-based analyses. In addition, we replicated the main
findings of SNFusing GenLouvain, which speaks to the generalizability and
capabilities of our toolbox.

Our findings build on and extend prior research using multimodal
approaches to understand heterogeneity inAD.While amyloid PET is often
used to define amyloid positivity, we did not treat it as a simple binary label.
Instead, we integrated it alongside other modalities within an unsupervised
framework. This does not assume any prior diagnostic labels or cut-offs.
These findings have been further validated using GenLouvain (see Sup-
plementary Table 1, Supplementary Fig. 1 and Supplementary Fig. 2). The
fact that our method revealed distinct communities strongly aligned with
known pathological signatures—including amyloid and tau levels, hippo-
campal atrophy, and cognitive decline—demonstrates that MINT can
identify biologically coherent subgroups.

In particular, when applying our toolbox to a sample of participants
across the AD spectrum, we were able to predict future AD cases with high
accuracy. Our study shows that MINT is a promising tool for detecting
future diseases by using a combination of multimodal data. This can be

extrapolated to the identification and prediction of a myriad of outcome
variables, such as cancer or psychiatric disorders9,18. In our specific case, the
method was successful in identifying present and future AD in a group of
206 individuals. Individuals labeled as AD in our toolbox had a higher
genetic risk, showed worse cognitive performance across a wide range of
domains and tests, and displayed biological signs of AD pathology such as
increased amyloid and tau and lower hippocampal volume. The AD-
dominant community exclusively included individuals who were amyloid
positive, regardless of their diagnostic label, suggesting that we are able to
identify CN individuals who are at risk of developing AD as well as those
with MCI due to dementia, as opposed to other etiologies. Of note, CN
individuals in the AD-dominant community had significantly higher
amyloid load than CN individuals in community 1, but also higher amyloid
burden compared to AD participants within that same community. This
suggests that our methodology is highly sensitive in predicting AD-related
pathology, regardless of whether an individual is classified as cognitively
healthy or not.

Importantly, we further compared AD participants between commu-
nity 1 and 2, as well as CN participants, and found significant differences in
AD-relatedpathology asmeasuredby amyloid and tau. Specifically, ADand
CN individuals in community 2 had higher levels of amyloid PET and CSF
tauwhen compared to individuals with the same diagnosis in community 1.
This suggests that, by exploring the composition of the identified commu-
nities using our methodology, we could identify individuals, regardless of
whether they meet the standard criteria for probable AD.

Overall, AD is highly heterogeneous and multifactorial and includes
subtypes that display different cognitive outcomes. As such, it cannot be
captured by any singlemodality19–21. TheMINT toolbox enables researchers
to perform community detection on awide range of distinct types of data by
combining them in a way that increases the signal in each underlying
modality and integrates it into one network that represents the entirety of
the data. Our study simultaneously includes cognitive, brain, CSF, and
genetics information and, using MINT, we were able to account for rela-
tionships between these AD markers. This is important because some
modalities might have weak contributions to AD diagnosis individually18,19

but, when integrated into a joint network, they can increase their predictive
ability.

Clinically, MINT provides a valuable tool for identifying at-risk indi-
viduals with subclinical pathology. Namely, MINT can identify those who
appear cognitively normal but share biomarker similarities with AD indi-
viduals. This has implications for early intervention, clinical trials, and
personalizedmonitoring of progression risk. Theflexibility and scalability of
MINT also make it applicable to other multifactorial neurological and
psychiatric disorders, where multimodal integration is essential.

Understanding how thesemarkers interact over time at amultidomain
level is paramount for AD diagnosis and prediction. Future studies should
focus on examining relationships between these domains at a longitudinal

Fig. 4 | Pathology load by community and diagnosis in the validation sample.Values for community 1 (i.e., CN-dominant) and 2 (i.e., AD-dominant) by diagnosis group
forA amyloid PET,BCSF tau, andCCSF ptau. Boxplot centerline: median; box limits: upper and lower quartiles; whiskers: 1.5× interquartile range (IQR); outliers: beyond
1.5 the IQR.
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level, accounting for change in these variables. In addition, future work
should attempt to use this framework to disentangle different kinds of
dementia, such as frontotemporal, mixed, or vascular dementia. Lastly, a
limitation of our work is that a confirmed diagnosis of AD can only be
achieved through post-mortem identification of amyloid and tau. However,
our participants did not have this information available. Still, it is important
to highlight the highly consistent results across different types of compar-
isons that were carried out, both in regard to neuropsychological as well as
brain measures of pathology19,22–24: (1) CN and AD individuals within the
AD-dominant community displayed similar levels of brain pathology, (2)
AD and CN individuals in the AD-dominant community had higher levels
of amyloid and tau compared to those with the same diagnosis in the CN-
dominant community, and (3) CN individuals in the AD-dominant com-
munity were worse off in regard to brain pathology compared to those with
AD in the CN-dominant community. This clearly shows that using MINT
yields highly accurate predictions of brain damage and behavioral out-
comes, which can be used in a variety of disorders. In this example, by
accurately predicting AD with high sensitivity and specificity, our results
show that MINT is a valuable tool to capture complex relations between
different markers of a given disease. This adds crucial knowledge to the
implementation of better diagnostic and therapeutic tools for AD.

Methods
Purpose and overview
MINT is an open-source toolbox developed in Python that allows users to
perform community detection on multimodal data through two approa-
ches: (a) multi-layer GenLouvain and (b) SNF, with exhaustive pre- and
post-processing capabilities.MINT offers threemajor post-processing steps
after community detection to stabilize the outcomes and increase the
robustness of the results. These include cross-validation, modality optimi-
zation, and cross-label phenotyping, allowing enhanced statistical analyses.
The optimization step, based on evaluating the performance of commu-
nities, is a unique capability offered by this tool. Additionally, the MINT
system design allows for rapid scaling on-premises or on cloud-based
infrastructure, along with straightforward integration with web-based
applications and visualization tools. Current tools available for community
detection often lack scalability, ease of use for non-technical users, custo-
mizable hyper-parameters for technical users, cross-validation, and,

importantly, robust optimizationmethods.MINTaddresses these gapswith
its simple interface while producing robust results. Further details on the
practical toolbox command lines and execution can be found in Supple-
mentary Table 3.

The MINT toolbox is data-type-agnostic, streamlining community
detection using multimodal data and allowing a wide range of users,
including non-technical individuals, to explore their data through unsu-
pervised methods. MINT architecture shown in Fig. 5 includes (a) pre-
processing, (b) GenLouvain community detection, (c) SNF, (d) cross-
validation, (e) optimization, and (f) cross-label phenotyping. Users define
parameter values for 31 toolbox arguments by creating or updating a
JavaScript Object Notation (JSON) file available in Supplementary Table 3.
Using this JSON configuration file, users can call the sole command line
application programming interface (API), which initiates the process of
community detection according to the user’s study design. The MINT
toolbox offers default parameter values to enable non-technical users to
build their baselines and adjust the parameters in subsequent iterations.
According to user preference, the MINT toolbox generates and stores
intermediate and final results in specified paths, which can be used for
further analysis or visualization. In the next section, we introduce MINT
step by step and provide details of the algorithms used in the toolbox.

MINT steps
Preprocessing. Preprocessing constitutes a critical initial step in the
MINT toolbox. Upon execution of the command line API, the pre-
processing module receives the request and extracts design parameters
from the JSON configuration file. This module sequentially employs the
following techniques: (a) outlier removal, (b) data normalization, and (c)
affinity (similarity) matrix creation. Removing outliers is essential for
community detection as they can disproportionately skew results, leading
to inaccurate representations of underlying relationships and trends,
thereby compromising the validity and reliability of the analytical
conclusions25. MINT provides an optional outlier removal technique that
detects outliers using a standard statistical approach, removing those that
fall outside a specified standard deviation.MINT can replace outlierswith
the column median, mean, or missing values.

In the subsequent step, the toolbox normalizes multimodal data using
theMinMaxmethod, subtracting theminimum value from each data point

Fig. 5 | MINT toolbox architecture and processing pipeline. Users execute the
command line API, which activates the preprocessing module to read the pre-
prepared JSON configuration file based on the study design. MINT preprocesses the
multimodal data and directs the data to either GenLouvain or SNF (preferred

method). After the algorithmdetects communities,MINTperforms cross-validation
and an optimization step, if configured. The results are stored for cross-label phe-
notyping, if needed. A comprehensive description of each step illustrated in this
figure is provided in the MINT Steps section.
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and then dividing by the difference between the maximum and minimum
values, or Max, only dividing values by the max value for each attribute
(column) and observation (row) as specified in the configuration file. Data
normalization ensures that variations in data scale do not distort the
identification of communities, thereby enabling more accurate and mean-
ingful clustering of nodes26. The toolbox allows users to select a subset of
modalities and to determine whether column-based, row-based, or com-
bined column-row normalization is required.

The final major step in the preprocessing module is the creation of a
correlation matrix for each modality used during community detection by
GenLouvain or SNF. The toolbox quantifies the similarity matrix using (a)
Pearson correlation, (b) Kendall rank correlation, or (c) Spearman corre-
lation methods and includes a threshold parameter to filter out correlation
scores below the specified threshold. The selection of an appropriate cor-
relation method directly impacts the quality of detected communities, with
our investigations indicating that the Spearman method often yields more
reliable results than the Pearson method because it measures the strength
and direction of monotonic relationships using rank-ordering, making it
less sensitive to outliers and non-linearities in the data. The outputs of the
preprocessing step are cached in memory and can also be stored locally for
use in subsequent community detection steps.

GenLouvain. MINT offers a classic approach to multi-dimensional
networks using the multilayer GenLouvain algorithm10, which extends
the basic Louvain algorithm to address complex scenarios such as mul-
tilayer networks27. If configured in the JSON file by users,MINTperforms
the community detection using the preprocessed multimodal data in a
sequence of steps and generates subject-level community labels. In this
context, subjects in a study are represented as the nodes of the network,
while the connections between subjects, derived from correlations, form
the edges. GenLouvain aims to optimize (maximize) the modularity
metric, which measures the density of edges within communities com-
pared to edges between communities. The algorithm operates through an
iterative process that includes (a) local movement, where the nodes are
relocated between communities to increase modularity, and (b) aggre-
gation, in which each community is aggregated into a single node once no
further improvements are achieved by relocating individual nodes, and
the process continues the reduced graph.MINT incorporates theω and γ
parameters in the modularity equation in multilayer networks expressed
as follows:

Q ¼ 1
2μ

X

ijl

Al
ij � γl

klik
l
j

2ml

 !
δðcli; cljÞ þ

X

l0≠l

ωδijδðcli; cl
0
i Þ

" #

Where 1
2μ is a fraction representing the normalization factor,

P
ijl

denotes summation over all nodes i, j, and layers l and Al
ij represents the

weight of the edge between nodes i and j in layer l. In this equation, γl is the
resolution parameter for layer l that allows users to control the trade-off
betweenmaintaining consistent communities across layers andvariability in
community structure. The expected edge weight in a random graph is

defined by
klik

l
j

2ml. δðcli; cljÞ represents Kronecker delta function (equal to 1 if

nodes i and j are in the same community in layer l) and
P

l0≠l is the
summation over different layers l0. The inter-layer coupling parameter is
denoted by ω, which influences the extent of consistency in community
structure across different layers. δij represents the Kronecker delta function
(equal to 1 if i = j), whereas δðcli; cl

0
i Þ is theKronecker delta function (equal to

1 if node i is in the same community across layers l and l0).

SNF. MINT provides a comprehensive and customizable implementa-
tion of SNF, allowing users to explore community detection against
multimodal data while overcoming certain challenges of previous
approaches. SNF, the primary focus of our Python toolbox, is a sophis-
ticated data integration technique that constructs a unified similarity

network from multiple heterogeneous data sources. SNF offers sig-
nificant advantages over classical community detection methods, such as
GenLouvain, in terms of its ability to integrate multimodal data, capture
complex relationships, and provide robust community detection in the
presence of noise and missing data28,29. SNF employs an iterative process
of message passing and update rules to transform the data into a simi-
larity network by capturing intrinsic relationships among data points.
These networks (communities) are then fused through a nonlinear
combination of similarity matrices and refined iteratively. This process
leverages techniques from spectral clustering to effectively integrate
multimodal data, thereby improving the robustness and accuracy of the
detected communities.

In the first step, the SNF module computes the initial similarity net-
works by measuring the pairwise similarity matrix, followed by normal-
ization. Next, the similarity matrices are updated through an iterative
process expressed as follows:

Sðm;tþ1Þ ¼ PðmÞ þ α
P

n≠mW
ðn;tÞ

1þ αðM � 1Þ
Where S(m, t+1) is the updated similarity matrix for data type m at

iteration t+ 1, P(m) represents the normalized similarity matrix,W denotes
the initial similaritymatrix,M represents the number ofmodalities, and α is
a parameter controlling the influence of other data types. This iterative
process continues until convergence, resulting in a final fused similarity
matrix S. The SNF technique employs the spectral clustering method to
identify and extract the underlying cluster structure from the fused simi-
larity network. The spectral clustering utilized by SNF in this framework
encompasses the following capabilities: (a) capturing non-linear relation-
ships across multimodal data, (b) managing arbitrary shapes of clusters, (c)
reducing data dimensionality, and (d) providing a global overview of the
data structure. In the final stage of this process, the SNFmodule rearranges
the communities based on their size (number of subjects in each commu-
nity) and assigns subject-level community labels to the final fused network
and each modality, facilitating further analysis.

Distance-based cross-validation: internal and external. MINT pro-
vides a distance-based cross-validation module designed to ensure the
reproducibility and accuracy of community detection outcomes. We
employed our technique for our cross-validation and external valida-
tion (within and between community validation). The core concept
behind the implementation of cross-validation enhanced for MINT’s
unsupervised community detection is the reassignment of observations
to a community with higher similarity, characterized by a lower error
distance30. Our primary approach involves a modified and iterative
K-fold cross-validation technique applicable to the results from Gen-
Louvain or SNF obtained in the previous step. Upon generating the
communities for observations, and if configured by the users, MINT
divides the observations into two subsets: training and testing. The
training set is further divided into sub-training and validation samples,
and the algorithm iteratively updates the community assignment of
each observation. The following section elucidates the steps of the
algorithm:
• The community detection results are divided into training and testing

sets based on the standard K-fold cross-validation concept.
• The training set is divided into sub-training and validation sets

according to the K-fold method.
• Themean squared error (MSE) is calculated between each observation

in the validation and sub-training sets. This step generates a set of
scores along with labels (communities) from training samples for each
observation in the validation set.

• The label associated with the minimal MSE score is assigned to the
corresponding observation in the validation set.

• The algorithm iterates K times, producing updated labels for the
validation set, which subsequently updates the sub-training samples.
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• The algorithm iteratesK times to generate updated labels for the testing
set, resulting in an updated version of all samples after K iterations.

We apply the above algorithm for external validation, using the results
from the original dataset as the training set and the samples from the
external validation dataset as the testing set. MINT assigns communities to
the testing samples based on the labels generated from the original dataset.
The time complexity of this iterative algorithm is O(K) =K2 * n2 where K
and n represent the value of K-fold and the number of observations (sam-
ples), respectively. Our cross-validation method, like other standard
methods,may increase theprocessing time forK>> andn>>, where the default
K = 10 may. However, it stabilizes the outcome of community detection by
reassigning marginal observations or outliers to more relevant commu-
nities, which can significantly impact the accuracy and interpretation of
statistical analysis.

Modalities optimization. Community detection using multimodal data
reveals complex patterns from heterogeneous sources. However, the
contribution of each modality to forming communities may vary, sug-
gesting that a subset of modalities can maximize the quality of commu-
nities detected. Our toolbox offers the capability of optimizing the
modalities by maximizing the silhouette score, a metric used to
demonstrate the goodness of a clustering technique. The silhouette score
evaluates the quality of clusters in unsupervised learning, specifically in
clustering algorithms. It quantifies the degree of similarity of an object to
its own cluster (cohesion) compared to other clusters (separation). For-
mally, for a given data point i, the silhouette score s(i) is defined as

sðiÞ ¼ bðiÞ � aðiÞ
maxðaðiÞ; bðiÞÞ

where a(i) denotes the average distance between i and all other pointswithin
the samecluster, andb(i) represents theminimumaveragedistance from i to
points in a different cluster. The overall silhouette score is the mean of
individual scores, ranging from −1 (indicating incorrect clustering) to 1
(indicating well-defined clusters), with values close to 0 signifying over-
lapping clusters.

The optimization module of MINT generates a list of all possible
combinations of modalities. Subsequently, one of the community detection
modules (e.g., SNF) is employed to detect communities in the data for each
combination of modalities. The silhouette score for each combination is
then calculated, where the attributes are derived from the combined mul-
timodal data for the given modalities, and the labels are the communities
assigned by the algorithm (e.g., SNF). The scores from all combinations are
stored in an array and normalized, and the combination maximizing the
silhouette score is proposed as the optimal set of modalities. MINT offers a
unique optimization module that is implemented as a component in the
community detection pipeline.

Statistics and reproducibility. In this study, independent-sample
t-tests, chi-square tests and Whitney–Mann U tests were used to com-
pute differences between communities in the variables of interest. These
included age, sex, education, and APOE status, but also cognitive mea-
surements such as theMMSE,MoCA,CDRSB, andADAS13. In addition,
subjects were compared in brain volume in the hippocampus, amyloid
load using PET, and tau, ptau, and amyloid using CSF. These tests were
carried out in MATLAB R2022b (MathWorks), R Studio (version 4.4.3),
and SPSS 28 (IBM). Analyses were corrected for multiple comparisons
using Bonferroni correction (p-corrected < 0.05).

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
Data used in this study were obtained from the ADNI database (adni.lo-
ni.usc.edu) and are provided in Supplementary Data 1–4, which are also
available upon request.

Code availability
Multilayer Integration of Networks Toolbox (MINT) is a Python package
developed by the C-BRAIN Lab at Stanford University. It streamlines the
integration of multilayer networks for multimodal community detection,
facilitating the identification of subtypes in complex datasets. MINT
includes modules for data standardization, execution of SNF and Gen-
Louvain algorithms, visualization of intermediate results, cross-validation
techniques, and optimization of identified communities by selecting an
optimal combination ofmodalities thatmaximizes the silhouette score. The
MINTpackage is openly available at https://code.stanford.edu/cbrain/mint.
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