
	Submitted Manuscript:  Confidential	             template updated: February 2022

[bookmark: _Hlk202631476]Circulating Epigenetic Signatures Classifying Brain Insulin Resistance in Humans 
Stephanie Kullmann1,2,3, Amandeep Singh3,4,5, Ratika Sehgal3,4,12, Fabian Eichelmann2,6, Leontine Sandforth1,2,3, Britta Wilms3,7, Markus Jähnert3,4, Andreas Peter1,2,3, Svenja Meyhöfer3,7,8, Dirk Walther9, Hubert Preissl1,2,3, Hans-Ulrich Häring1,2,3, Matthias B. Schulze2,6,11, Martin Heni10,12, Andreas L. Birkenfeld1,2,3, Annette Schürmann3,4,11*, Meriem Ouni3,4,5

1Institute for Diabetes Research and Metabolic Diseases (IDM) of the Helmholtz Center Munich at the University of Tübingen, 72076, Tübingen, Germany.
2Department of Internal Medicine, Division of Endocrinology, Diabetology and Nephrology, Eberhard Karls University Tübingen, 72076, Tübingen, Germany. 
3German Center for Diabetes Research (DZD), 85764, München-Neuherberg, Germany.
4Department of Experimental Diabetology, German Institute of Human Nutrition Potsdam-Rehbruecke (DIfE), 14558, Nuthetal, Germany.
5Research group Epigenetic of Obesity and Diabetes, German Institute of Human Nutrition Potsdam-Rehbruecke (DIfE), 14558, Nuthetal, Germany. 6Department of Molecular Epidemiology, German Institute of Human Nutrition Potsdam-Rehbruecke (DIfE), 14558, Nuthetal, Germany.
7Center of Brain, Behavior and Metabolism, University of Lübeck, 23562, Lübeck, Germany
8Medical Clinic I, University of Lübeck, 23562, Lübeck, Germany.
9Max Planck Institute of Molecular Plant Physiology, Am Mühlenberg 1, 14476, Potsdam, Golm, Germany.
10Institute for Clinical Chemistry and Pathobiochemistry, University Hospital Tübingen, 72076, Tübingen, Germany.
11Institute of Nutritional Science, University of Potsdam, Germany.
12Division of Endocrinology and Diabetology, Department of Internal Medicine 1, University Hospital Ulm, 89081, Ulm, Germany.
Corresponding author:
Prof. Dr. Annette Schürmann
Email: schuermann@dife.de
Overline: METABOLISM
One-sentence Summary: Blood-based epigenetic signatures distinguish between individuals with and without brain insulin resistance across multiple cohorts.






ABSTRACT 
[bookmark: _Hlk195699974]Brain insulin action plays an important role in metabolic and cognitive health but so far there is no biomarker available to assess brain insulin resistance in humans. Here, we developed a machine learning framework based on blood DNA methylation profiles of participants who did not have type 2 diabetes with and without brain insulin resistance and detailed metabolic phenotyping. We identified 540 DNA methylation sites (CpGs) as classifiers of brain insulin resistance in a discovery cohort (n = 167), results that were validated in two replication cohorts (n = 33 & 24) with high accuracy (83%-94%). All 540 CpGs, were differentially methylated and annotated to 445 genes mapping to neuronal development and axonogenesis processes. Of note, methylation patterns of 98 out of 540 CpGs exhibited a strong and significant (P < 0.05) blood-brain correlation, indicating that blood cells are a reliable proxy to capture brain-specific DNA methylation changes. These blood-based epigenetic signatures could potentially serve in the future for the early detection of individuals with brain insulin resistance in a broad clinical setting.



INTRODUCTION
Insulin not only regulates glucose homeostasis, but is also necessary for the cognitive, synaptic, vascular, and metabolic health of the human brain (1). Even though insulin does not stimulate glucose uptake in the brain, it plays an indispensable role in the brain in maintaining systemic glucose and energy homeostasis (2). Brain insulin action also contributes to the homeostatic regulation of body weight, body fat content, and calorie intake, with brain insulin resistance being involved in metabolic and cognitive disorders, including obesity, depression, and Alzheimer’s disease (3–5).
Brain insulin resistance can be investigated in various ways from rodents to humans, including pre-clinical models, human post-mortem in situ insulin stimulation, and non-invasive neuroimaging techniques (5). In combination with central and peripheral insulin stimulation, imaging techniques allow in vivo quantification of brain insulin action in animals and humans. The definition of brain insulin resistance depends on the implemented imaging methods as well as insulin stimulation techniques. Based on recent findings, regional changes in neural activity and global brain metabolism after administration of insulin can be used as a proxy for brain insulin resistance in humans (5–7). Although the recent progress in the development of non-invasive imaging techniques for measuring brain insulin resistance has revolutionized the field, robust, accurate, and reliable biomarkers are still limited (6, 8). Therefore, to be able to identify people with brain insulin resistance on a broader population level, there is an urgent need for the development of non-invasive methods or biomarkers which can be easily measured, for example in peripheral blood (8). Few studies aimed to identify biomarkers for precise stratification of individuals with varying brain insulin sensitivity, mainly for neurodegenerative diseases (9–13). So far, people living with T2D have not been studied in this regard. Recently, we showed that persons with brain insulin resistance lose less body fat during a lifestyle intervention (14), experience more food craving and hunger, and accumulate more visceral adipose tissue (6), which increases their risk of developing T2D. Restoring hypothalamic insulin action, on the other hand, by pharmacological interventions was linked to improved glucose metabolism and decreased liver fat (15). It is thus important to appreciate that early intensive interventions, both lifestyle-related and pharmacological, need to be tailored based on the current status of brain insulin responsiveness of these individuals for better outcomes. In addition, the knowledge on the status of brain insulin resistance could help to identify patients at higher risk of developing T2D and neurocognitive decline in the future.
[bookmark: _Hlk173499538]Numerous studies have identified genetic and epigenetic markers associated with obesity and T2D or the risk of developing T2D and its related complications (16). However, so far none of these studies have focused on brain insulin resistance independently of T2D or neurodegenerative disorders. This is also related to the fact that there are only few centers worldwide that have the technical prerequisite and expertise to determine this trait. Therefore, capturing the epigenetic changes, particularly DNA methylation in peripheral blood cells might provide biomarkers for stratification of individuals based on brain insulin resistance. This is also of particular importance as recently changes in DNA methylation status have been suggested to mediate metabolic memory (17). However, no evidence of such an association is available for individuals with altered brain insulin resistance.
Hence, the present study investigated the DNA methylation in the peripheral whole blood of individuals with varying degrees of brain insulin sensitivity to identify key epigenetic markers using a machine learning approach. To achieve this goal, we compared epigenetic changes in people with and without brain insulin resistance but matched for peripheral insulin sensitivity to exclude peripheral insulin sensitivity as an important confounder. We define brain insulin resistance based on the hypothalamic response to intranasal insulin, which is an established tool to selectively measure brain insulin effects (18–20) and discern peripheral from brain insulin effects (8). These epigenetic markers may be of prognostic importance and could be further developed into panels as an alternative diagnostic method for identifying the status of brain insulin responsiveness. 

RESULTS	
Study design and population characteristics
To identify blood-based epigenetic biomarkers that are representative of the status of hypothalamic responsiveness to insulin, a computational framework was applied to DNA methylation profiles of 167 individuals. Figure 1 illustrates the study design, the different steps, and the three cohorts (discovery, replication I, and replication II) used for the identification of epigenetic markers for brain insulin resistance. The study participants were either grouped as brain insulin sensitive (BIS) or brain insulin resistant (BIR) based on the brain insulin sensitivity index measured using CBF response to intranasal insulin (CBF in the hypothalamus 30 min after intranasal insulin minus baseline, adjusted for global CBF; ΔCBFn-Hypothalamus) (15, 21). In the discovery cohort, 167 individuals without T2D, with a mean age of 36.6 years, and a mean BMI of 27.6 kg/m2 were included. These individuals did not differ in their peripheral insulin sensitivity as indicated by the OGTT-derived insulin sensitivity index Matsuda. Apart from the ΔCBFn-Hypothalamus, none of the analyzed anthropometric or metabolic parameters were found to be significantly different between BIS and BIR in the discovery cohort (P = 7.04 x 10-29, Table 1, left panel). The 33 individuals in the replication cohort I were older and had a higher BMI than participants of the discovery cohort (Table 1). In addition, in contrast to the discovery cohort, not only ΔCBFn-Hypothalamus but also fasting glucose and triglycerides differed between BIS and BIR (Table 1, right panel), thereby reflecting the heterogeneous phenotype of most overweight and obese people. 
Blood cell DNA methylation profiles were assessed using two independent approaches. First, all CpGs measured by EPIC array in blood cells of BIS and BIR of the discovery cohort were combined as an input for developing a machine learning workflow to identify the CpGs indicative of the status of brain insulin resistance. This cohort of 167 individuals (discovery, from Tübingen, Germany) was split into training (n = 118) and testing (n = 49) datasets. To evaluate the performance of the developed machine learning model, datasets of additional individuals without T2D from two independent centers were included (replication cohorts I from Tübingen, Germany, n = 33 and II from Lübeck, Germany, n = 24). The second approach used a pairwise comparison (BIS versus BIR) to detect differentially methylated CpGs in the discovery cohort (n = 167). 

Machine learning-based identification of epigenetic classifiers of brain insulin resistance
Machine learning methods build classification models based on a training dataset and verify their sensitivity and specificity in a testing dataset. Elastic net (E-net) was used to stabilize the features (CpGs classifiers) from all CpGs (n = 735,460) measured in the EPIC array. A total of 360 splits among 1000 were found to have no significant differences (P ≥ 0.05) in any other characteristics except for brain insulin sensitivity (Table S1 in data file S1) (22). This step was performed to ensure that the generated models are specific for brain insulin resistance, independent of whole-body insulin resistance, in the training datasets. The corresponding 360 models included 7,240 CpGs (classifiers) (detailed in fig. S1). Among these, 540 CpGs appeared to be the most stable as they were identified in at least 10% of the models. As depicted in the heatmap, DNA methylation patterns in the 540 CpGs classifiers were different and could distinguish between BIS and BIR (Fig. 2A). Last, the classification capacity of these 540 CpGs was evaluated on the replication cohort I (n = 33) by Random Forest (RF) (accuracy = 94%, ROC-AUC = 0.97) showing 95% confidence interval (CI): (79.8, 99.2) and Support Vector Machine (SVM) (accuracy = 88%, ROC-AUC = 0.97, Fig. 2B) with 95% CI: (71.8, 96.6). As outlined by precision recall curve, the Matthew correlation coefficient (MCC) (23), further reinforced fairly high classification power of the identified 540 CpGs (MCC for RF = 0.87, MCC for SVM = 0.72) (Fig. 2B).
To better understand the potential role of these epigenetic markers, gene ontology analysis was performed for 445 genes annotated to the 540 CpGs classifiers. Several GO terms (biological process and molecular function) grouping into neuronal development and related processes (axonogenesis, nervous system development), sensory system development, and cell migration and adhesion were found to be enriched (P < 0.05) (Fig. 2C and Table S2 in data file S1). Taken together, most genes annotated to these CpGs and found to be epigenetic classifiers were indeed related to biological processes that could play an important role in brain insulin resistance. 

DNA methylome differs between BIS and BIR individuals
In contrast to machine learning, DMP (differentially methylated positions) calculation compares two well-defined groups. In the discovery cohort, the DNA methylation profiles in peripheral blood of BIR (n = 86) were compared to those measured in BIS (n = 81) individuals (Fig. 3), resulting in a total of 5,481 CpG positions with differential DNA methylation (AdjP<0.05, Fig. 3A-B) between the BIS and BIR individuals, after adjusting for all relevant technical and biological confounders (as detailed in Supplementary materials and methods). As depicted in the outer part of the circos plot of fig. S2, the 5481 DMPs were equally distributed across the genome. Additional information about the genomic distribution is detailed in fig. S3-S4.
As expected, the majority of the methylation differences between BIS and BIR were small (around 1 to 2.5%). Indeed, only 498 DMPs had larger methylation differences than 2.5% (|Δβ| = |βBIS - βBIR| ≥ 2.5%: AdjP < 0.05). Out of these, 317 were found to be hypomethylated and 181 were hypermethylated in BIR individuals compared to BIS (Fig. 3B). All in all, these 498 DMPs were annotated to 304 genes enriched for nervous system development, dendrite self-avoidance, cell adhesion, axon guidance, and axonogenesis (Fig. 3C). Moreover, by examining the corresponding cellular compartments, we found 15 genes encoding for proteins located in axons, 8 in the presynaptic membrane, 86 in the plasma membrane, 9 in the actin cytoskeleton, and 12 in the synapse. These results indicate that altered DNA methylation profiles detected in the BIR group specifically occurred in genes related to brain development and signaling and could potentially reflect the status of brain insulin resistance. 
We next focused on the genes that exhibit the strongest differences in DNA methylation between BIR and BIS. Among the top 15 hypo- and hypermethylated DMPs (Table 2), four showed ≥ 10% |Δβ| between the groups, and notably three out of these four DMPs were annotated for the gene BRSK2 (Brain-specific serine/threonine-protein kinase 2). Six DMPs were annotated to MIR886, encoding a microRNA known to be altered in neuronal diseases such as ataxia (24).

All CpG classifiers are also differentially methylated between BIS and BIR
To confirm whether our CpGs identified by machine learning were also differentially methylated, we overlapped the output of both approaches. 7,240 CpGs identified by E-net strongly overlapped with those detected as DMPs (77% of the DMPs) (Fig. 3D). Additionally, all 540 CpGs identified as classifiers for brain insulin resistance were differentially methylated, with 68 CpGs exhibiting methylation changes of more than 2.5%. Of note, not all DMPs with strong changes were found as classifiers by E-net (as shown for 123 DMPs, Fig. 3D), indicating that not all CpG sites with strong changes are sufficient to classify BIR and BIS with good accuracy. It appears that machine learning can identify biologically relevant CpGs even with smaller changes in DNA methylation.
Fig. S2 includes additional details related to these overlapping CpGs from different approaches. The circos plot shows the chromosomal location and the proportion of hypo- and hyper-methylated CpGs found in DMPs and E-net analysis. The outer circle corresponds to 5,481 DMPs, the middle one to 7,240 CpGs from all E-net models, and the innermost circle details 540 stable CpGs classifiers. Taken together, the DMPs and CpG classifiers were equally distributed across the genome.

Correlation of CpG classifiers with anthropometric and metabolic traits
To link the identified epigenetic classifiers to specific phenotypes, Spearman correlation was applied to 540 CpGs with the participants’ anthropometric and metabolic measurements (Tables 1 and 3). Out of 540 classifiers, 528 CpGs were significantly correlated with ΔCBFn-Hypothalamus and only 12 correlated with the rest of the analyzed phenotypes in the discovery cohort (AdjP < 0.05). In the replication cohort I, 540 CpGs correlated with multiple traits. Again, the highest number of correlated classifiers was with ΔCBFn-Hypothalamus (248 CpGs) followed by circulating triglycerides (83 CpGs) and fasting glucose (48 CpGs; Table 3). Fig. 4 shows the correlation of 68 CpG classifiers (depicted in the middle of the red and blue circles of the Venn diagram in Fig. 3D) that exhibited the highest methylation changes with traits in discovery and replication cohorts. These results further confirm that epigenetic markers detected in blood cells can mirror the mutual influence of brain insulin resistance and several metabolic traits associated with obesity and type 2 diabetes. 

Associations of CpG classifiers with trait of an elevated T2D risk 
[bookmark: _Hlk194507798]In replication cohort I, several CpG classifiers were correlated to circulating triglycerides (85 CpGs) and fasting glucose (51 CpG sites). We sought to replicate these findings in the EPIC-Potsdam cohort - a healthy population in which samples were analyzed at baseline before the diagnosis of T2D (25). Out of the 540 CpG sites, 30 were statistically significantly associated (P < 0.05) with triglycerides, 40 with HbA1c, 37 with cholesterol, and 36 with BMI in a cross-sectional design (Table S3). In addition, we found 63 CpG sites associated with T2D risk in a prospective analysis (Table S4).

Blood-brain correlation enrichment
[bookmark: OLE_LINK1]To estimate which epigenetically regulated genes detected in blood cells reflect those expressed in brain regions, we screened the 540 CpGs identified as classifiers of brain insulin resistance for a blood-brain correlation of DNA methylation using an online database (https://epigenetics.essex.ac.uk/bloodbrain/). Among these 540 CpGs, 309 were available in the database which was generated with the 450K array, 231 were missing and 98 were found to exhibit significant blood-brain DNA methylation correlation in at least one of the assessed brain regions (P < 0.05; Fig. 5B). As expected, the DNA methylation of the majority of these 98 CpGs was positively correlated between blood and brain. Furthermore, they were found to be equally distributed in the four brain regions available in the database; 45 CpGs in the prefrontal cortex (outer circle), 49 CpGs in the entorhinal cortex, 48 CpGs in the superior temporal gyrus, and 33 CpGs in the cerebrum inner track. Of note, correlation coefficients for 14 CpGs were significant (P < 0.05) (Fig. 5) for all four brain regions. In particular, cg12186219 annotated to BRSK2, which is a CpG site with high DNA methylation differences in BIS and BIR. DNA methylation values for cg12186219 were higher in blood cells than in the brain. However, interindividual variations followed the same pattern in all four brain regions and blood cells (fig. S5A). As the blood-brain correlation database was based on 450K arrays, we also grouped the identified CpGs based on the intraclass correlation (ICC) derived from EPIC version1, as detailed previously (26). Among the top 30 CpGs with a high DNA methylation difference, 12 CpGs were identified as excellent, inferring a strong blood-brain methylation correlation (fig. S5B, Table S5, data file 1). 
Another strategy to investigate the relevance of these 540 epigenetic markers in possible regulation of brain gene expression is to use publicly available data on chromatin accessibility. To verify whether the CpG sites are located in open chromatin structure, in a cis-regulatory elements, we used ChiP-seq data of H3K27ac performed in human prefrontal cortex. The mapping results indicated that 339 out of 540 CpGs were located in near proximity of open chromatin regions (fig.S6). Taken together, these data suggest that blood-based epigenetic signatures at least partially mirror distinct brain epigenetic profiles and could potentially reflect the biological processes underlying brain insulin responsiveness.
Classifier capacity of the CpGs sites in a second replication cohort
To validate the capacity of the identified methylation markers to classify brain insulin resistance in an independent cohort, 24 individuals with and without brain insulin resistance from another center (Lübeck, Germany, replication II, fig. S1, Table 1), were included. Both discovery and replication cohort I were assessed with Illumina's EPIC version 1 arrays which are currently discontinued and were replaced by “EPIC version 2”. To make our results accessible for future studies and exclude any potential technical limitations, DNA methylation profiles from these additional 24 individuals (replication II) were profiled with EPIC version 2. Out of the 540, only 504 CpG sites were available in EPIC version 2. Therefore, using the remaining 504 CpGs as classifiers, machine learning models RF and SVM were trained on the discovery cohort and their performance was then evaluated on both replication cohorts. Notably, the RF model achieved high classification accuracy: 94% for replication cohort I (MCC = 0.85) and 87.5% for replication cohort II (MCC = 0.77). Similarly, the SVM model demonstrated robust performance with classification accuracy of 90% (MCC = 0.79) and 83% (MCC = 0.79) for replication cohorts I and II, respectively (Fig. 6A-B). This consistent performance of both models across two distinct datasets suggests good robustness of the 504 CpG classifiers. 
As the participants of the discovery cohort were leaner and younger than those included in replication cohorts I and II, we investigated whether the classification capacity of the 540 CpG methylation markers remained consistent across heterogeneous age and BMI. Therefore, individuals from replication cohort I and II were divided according to their age and BMI. For age, nearly 90% of the older individuals – those above the group’s average age of 52 years – were classified accurately (fig. S7A). For BMI, we divided the two replication cohorts in three categories; normal weight (BMI < 25), overweight (BMI between 25-30), and obese (BMI > 30) (fig. S7B). The 540 CpG sites were able to accurately classify 90% of the overweight and obese individuals.
To extrapolate these findings to the clinic, one option could be to design customized DNA methylation panel including these 540 CpG sites of interest. Indeed, measuring these methylation markers in eight samples with a customized sequencing library revealed similar DNA methylation results to those detected by EPIC arrays (Fig. S8) and BIR status could be detected accurately.

[bookmark: _Hlk174271345]DISCUSSION
Brain insulin action plays an important role in metabolic and cognitive health but no readily available biomarker has been identified thus far. We discovered epigenetic classifiers for human brain insulin responsiveness from peripheral blood cells in persons without neurodegenerative disorders. . Of note, genes annotated to these CpGs were found to be enriched in neuronal pathways and exhibit a strong blood-brain correlation. The present study introduces blood-based epigenetic biomarkers for brain insulin resistance, which could potentially be developed into prognostic tests for early diagnosis and better stratification of individuals at risk to develop T2D. 
Insulin resistance, a hallmark feature of T2D, is not limited to the periphery or metabolic diseases. Substantial disturbances in brain insulin action are often present in obesity, as well as neurodegenerative diseases (3). Central insulin, delivered via the intranasal pathway, acts in a anorexigenic fashion, reducing food intake and subjective feeling of appetite and facilitates memory processes in persons who are brain insulin sensitive (27). Brain insulin action also has favorable effects on peripheral metabolism, enhancing whole-body insulin sensitivity (6, 28–30), suppressing hepatic glucose production (31), and stimulating pancreatic insulin secretion (6, 32). Hence, brain insulin sensitivity has a strong impact on metabolic processes related to the development of T2D (8). In persons with brain insulin resistance, central insulin fails to enhance peripheral metabolism (6). Metabolically unhealthy individuals show an altered hypothalamic response to intranasal insulin, which is related to unhealthy eating behavior and fat distribution (6, 21, 33, 34). Brain insulin resistance also predicts body weight trajectory and body fat distribution over a time span of 9 years (14). Thus, the identification of people with brain insulin resistance could potentially guide screening and treatment in the future. 
Epigenetic factors have been described as one mechanism - among others - involved in developing obesity and T2D. In this research field, many human studies described the epigenetic alterations in the liver, muscle, islets of Langerhans, and blood cells, however brain data are limited (16, 35–37). Although the role of epigenetic factors in obesity has been largely investigated, brain insulin resistance remains underexplored. We compared the epigenetic signatures of humans with different brain insulin sensitivity statuses and identified 540 CpGs that accurately classify brain insulin responsiveness in an easily accessible tissue. Results were successfully validated in two independent cohorts. Furthermore, our analyses in initially healthy individuals also indicated that some of the identified CpG sites are related to T2D risk and were indeed altered prior to T2D diagnosis. These finding underline the mutual interplay of brain insulin resistance and metabolic traits associated with obesity and type 2 diabetes. 
Clinical epigenetics emerged as a prominent area to facilitate the discovery of disease markers. Although clinical epigenetics contributed significantly to screening, early diagnosis, and therapy guidance in cancer, to date, epigenetic studies in the field of obesity and T2D remain in the quest for robust methylation markers. Even though whole-blood DNA methylation profiling provides a snapshot of stable epigenetic markers, connecting these changes to the pathophysiological status of a specific tissue (38) is challenging. One option to overcome this challenge is by estimating the concordance between the epigenetic profiles of the tissue of interest and blood cells, as has been performed in other studies (38–40). ,  This approach revealed ~ 100 CpGs classifiers showing  good correlation between blood cells and  brain, highlighting the presence of brain-specific epigenetic signatures in peripheral blood cells. 
Taken together, these results further supported our hypothesis that specific epigenetic alterations in tissues are indeed mirrored in blood cells (36, 37, 41–43). However, the underlying molecular mechanisms remain unclear. One explanation could be that DNA methylation at specific CpG sites is established during early development (for example metastable epialleles) (44–46), and remains stably affected throughout life. Indeed, failure to adapt to a glucose challenge has already been described in the human fetal brain of mothers with gestational diabetes mellitus (GDM) (47). Furthermore, children exposed to GDM before 26 weeks of gestation have hypothalamic alterations in response to glucose that predict future weight gain (48). Hence, brain insulin resistance itself may alter the epigenetic signature in blood cells. Another explanation could be that obesogenic factors such as increased energy intake, body weight, or blood glucose, or chronic low-grade inflammation, modulate DNA methylation of specific loci in the brain and the periphery. 
All identified CpG classifiers were differentially methylated, with the strongest  changes linked to genes involved in either insulin signaling (such as IGF1R, BRSK2) or brain development (such as KCNC1, BRSK2). Indeed, previous studies have also identified decreased expression of the insulin receptor substrate-1 (IRS-1), a major substrate for the insulin and insulin-like growth factor-1 (IGF-1) receptors, as linked to brain insulin resistance (4, 49–51). BRSK2 is an important kinase belonging to the AMPK family and is involved in TAU phosphorylation that was linked to neurodegenerative disease (52, 53). BRSK2/Brsk2 has been proposed in previous rodent studies as a nutrient sensor, and in a large-scale human genetic study in the Chinese population, BRSK2 variants (rs112377266, rs61002819, and rs536028004) were associated with T2D (54). Of note, in mice an elevated Bsrk2 expression was found before the onset of hyperglycemia and insulin resistance (54). The function of BRSK2 in the human brain remains under investigation. However, previous research shows that BRSK2 deficiency leads to neurodevelopmental disorders and that it is involved in axon growth and extension, neuronal polarization, and plasticity (55, 56). In vitro studies have also demonstrated that endoplasmic reticulum stress induces BRSK2 transcription (57). This gene seems to be important for brain function and metabolism. Beside BSRK2, few methylation markers were located in genes related to either TAU phosphorylation (MAP1S, DDX5, CLK4, and AP3D1) or amyloid metabolism. All in all, we did not find a strong overlap of epigenetic markers classifying BIR and neurodegenerative disease (Table S6). Up to now, we only can speculate that BIR is a risk factor of later neurodegenerative disease and if so, we do not know if changes in the DNA methylation pattern, which are present in the state of BIR, are stable until symptoms of Alzheimer occur. To test this hypothesis, we will assess the complex interplay between BIR, metabolic and cognitive functions in longitudinal design in the future. Thereby, we will test the capacity of 540 CpGs classifiers to predict the development of impaired glucose metabolism and cognitive decline.
This study has limitations. The cohort size of the present study was limited to 167 individuals. Machine learning usually performs better with higher statistical power, however, as brain insulin resistance is not routinely investigated in the clinics, achieving a higher number of participants as in the present study is challenging. To overcome the small sample size and to stabilize the features (CpGs), a multi-fold cross-validated E-net was performed. Additionally, whereas the EPIC array covers a broad range of CpG sites, direct methylation sequencing, which is more cost intensive, offers further comprehensive and unbiased view of the methylome, including non-CpG methylation and regions not covered by the array. However, the array's ability to detect differential methylation with high sensitivity and specificity makes it a valuable tool for identifying epigenetic signatures associated with complex traits such as BIR. Future research could benefit from combining array-based screening with targeted enzymatic sequencing of key regions identified in this study. Results from such pilot study showed reproducible and promising results and provided deeper insights into the methylation landscape -not captured by the arrays- and validate the findings at a higher resolution. Brain insulin resistance is a difficult-to-measure phenotype and its classification depends on the implemented methods. Moreover, the molecular and pathological differences might be present only at the tissue level. Although our study identifies potential biomarkers, the exact molecular mechanisms by which these epigenetic changes contribute to BIR remain to be fully elucidated. Longitudinal studies are needed to evaluate whether the identified CpGs contribute to the progression of brain insulin resistance. Additional functional studies will be needed in the future to establish causality. Although the identified CpG classifiers are biologically plausible and enriched for neuronal pathways, direct experimental validation of their functional consequences-such as gene expression modulation in neuronal cells or animal models-is warranted in future studies. Moreover, it remains a challenge to collect brain biopsies from living individuals. This limitation was addressed using the publicly available datasets and demonstrated that several candidates showed strong blood-brain correlations. 

In conclusion, we showed that the circulating epigenetic signature classifies the status of brain insulin responsiveness using a robust and stable machine learning approach. Our results suggest that whole blood DNA methylation patterns mirror the brain epigenetic landscape, which reflects brain insulin resistance. These findings may provide a promising step toward the development of non-invasive, blood-based biomarkers for brain insulin resistance, with potential benefits for early diagnosis and personalized interventions in metabolic and neurodegenerative diseases.

MATERIALS AND METHODS
Study design
[bookmark: _Hlk202452404]This retrospective study included three study cohorts of healthy volunteers of different weight groups based on previous studies (15, 33, 34, 58): a discovery cohort (n = 167) and two replication cohorts (replication cohort I; n = 33, replication cohort II; n = 24). Characteristics of the participants are detailed in Table 1. The sample size was based to provide sufficient power (1-β = 0.86) for moderate to large between group effects, based on previous studies investigating brain insulin sensitivity in humans.(33, 59) 
Participants were grouped as either brain insulin-sensitive (BIS) or brain insulin-resistant (BIR) based on the responsiveness of the brain to intranasal insulin. The hypothalamus is the main area of the brain that controls metabolism. Hence, brain insulin resistance was defined as the failure to show an insulin-induced inhibition of hypothalamic blood flow as recently described (15, 19, 33, 34). The primary objective of the study was to identify key epigenetic markers of brain insulin sensitivity using a machine learning approach. We hypothesized that persons with brain insulin resistance show a distinct epigenetic profile compared to brain insulin sensitive persons independent of peripheral insulin sensitivity. 
Only healthy individuals without a diagnosis of chronic diseases, or type 2 diabetes, or receiving glucose-lowering medications were included in the study. In the discovery cohort, the participants only differed with respect to their brain but not peripheral insulin sensitivity, as assessed through a 5-point 75 g oral glucose tolerance test; participants of replication cohort I and II had a more heterogenous phenotype (Table 1). Only participants with blood samples for DNA methylation measurements prior to intranasal insulin administration were included. The analyses included baseline data from previously published studies (15, 33, 34, 58) that were approved by the ethics committee of the University Clinic Tübingen (60–62) and belonging to different clinical trial NCT04372849, NCT01797601, NCT03227484, NCT03151590, NCT03590561, NCT03929419, NCT02629705. The studies were a basic experimental study involving humans (BESH). Written informed consent was obtained by all the participants before the onset of the study.

Functional MRI
Scanning was conducted at 3 Tesla whole-body scanner (Magnetom Trio, A Tim System; Siemens Healthcare or Magnetom Prisma). To acquire cerebral blood flow (CBF) maps, pulsed arterial spin labeling (PASL) images were obtained, as detailed previously (34). CBF was acquired at baseline in the fasted state and 30 minutes after 160 IU of nasal insulin. The insulin dose was chosen based on previous work, as 160 U induced the most prominent acute effect on hypothalamic blood flow (19). Image preprocessing was performed by using the ASLtbx with SPM12 (Wellcome Trust Centre for Neuroimaging) (for details see (34)). CBF values of each measurement were extracted for the hypothalamus. The hypothalamus mask was based on the wfu pick atlas (https://www.nitrc.org/projects/wfu_pickatlas).
We used the hypothalamic blood flow response from before to 30 min after 160 IU intranasal insulin, adjusted for global cerebral blood flow, as the classifier for brain insulin sensitivity (ΔCBFn-Hypothalamus). Only participants with a negative insulin-induced hypothalamus index were grouped as brain insulin sensitive, all others as brain insulin resistant. 
[bookmark: _Hlk179300769]
Genome-wide DNA methylation profiling 
Genomic DNA was isolated from blood cells via precipitation with sodium acetate. The measurement of DNA methylation, after bisulfite treatment, were determined by the Infinium MethylationEPIC BeadChip (EPIC version 1.0, 850K for discovery, replication I and EPIC- Potsdam Replication II with EPIC version 2.0, 930K). Bisulfite treatment and array hybridization were assessed by LIFE & BRAIN GENOMICS GmbH. Data were processed using R (v.4) packages “meffil” (v.1.3.1) and “ChAMP” (v. 2.24.0) as described earlier (36, 37). 

DNA methylation profiling with customized enzymatic sequencing
To validated our findings using an alternative method, we performed  enzymatic methyl sequencing (EM seq) with a customized panel (63). In a pilot experiment in cooperation with Twist Bioscience, we designed a customized panel containing different primer sequences targeting the 7,233 CpG sites, originally identified with all models of E-net. Sequencing was carried out by LIFE & BRAIN GENOMICS GmbH and bioinformatics analysis was done as described earlier (63). We only measured the methylation profiles of eight samples, previously assessed with EPIC arrays, in which we applied a threshold of at least 10 reads. In order to test accuracy of the classification with this customized sequencing, we increased the threshold of sequencing depth to 30 read counts. 

Machine learning model workflow
The machine learning model developed in the present study was based on the discovery cohort (n = 167). Using a bootstrap method, DNA methylation data from 70% (n = 118) of the 167 individuals selected at random was assigned to the training set, and the remaining 30% (n = 49) to the test set, 1000 times (Fig. 1, fig. S1). For each split, the phenotype distributions were assessed between brain insulin resistant and sensitive groups to ensure no significant differences existed besides the hypothalamus index, and 360 out of 1000 splits qualified the set criteria. This step was included to stabilize the feature and avoid potential confounders. For each of these 360 splits, Elastic net (E-net) logistic regression was applied to the training data using the R glmnet package (64). Using E-net, the optimal regularization parameter (λ) was identified through 10-fold cross-validation within the training data (22). Each trained model was subsequently evaluated on its corresponding test set and all the features from these models (n = 360) were retained for further analysis (Table S1). 
[bookmark: _Hlk193795551][bookmark: _Hlk193795616]Features that appeared in at least 10% (36 out of 360) of the models were deemed stable and used to train Random Forest (RF) and Support Vector Machine (SVM) classification models (65). To ensure robust model training, both models were trained on the entire discovery dataset (n = 167) leveraging maximum information for learning. This potentially improves accuracy and generalizes performance. Whereas the discovery data was initially split into training and test set for the feature selection, the final models were rigorously evaluated on two independent replication cohorts (replication I, n = 33 and replication II, n = 24) that were not used during the training or feature selection. Performance metrics, including accuracy, precision, recall, and the area under the Receiver Operating Characteristic (ROC) curve (AUC) were computed to assess the  discriminative power and generalizability of the models. Additionally, the Matthew correlation coefficient was calculated to assess the performance of the replication cohorts.
[bookmark: _Hlk179013913][bookmark: _Hlk179301061]Statistical analyses
The clinical characteristics of the individuals were summarized as mean ± SD. The two-sample
Wilcoxon rank test or Unpaired t-test was used based on the data normality tested by Shapiro
Wilk normality test and variance with F test. For the categorical data, the Chi-square test was used, and for the analyses, P < 0.05 was considered significant. For the differential methylation analysis, default ChAMP parameters were used and AdjP < 0.05 was considered statistically significant. The top differentially methylated positions were defined as |Δβ| = βBIS - βBIR ≥ 2.5% and AdjP < 0.05. The Spearman test was performed to check the correlation between the subset of CpGs (beta values) and the clinical and anthropometric measurements. The p-value was adjusted using the Benjamini-Hochberg method, and a value below 0.05 was considered statistically significant. For the blood-brain enrichment using the online database, a Pearson correlation p-value below P < 0.05 was considered statistically significant.
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Figure legends

[bookmark: _Hlk187160705]Figure 1. Schematic representation the current study steps and cohorts. Three independent groups of participants were included among the discovery and replication cohorts. In both cohorts, participants underwent functional Magnetic Resonance Imaging (fMRI) after intranasal insulin application. Based on the dynamic of cerebral blood flow in response to intranasal insulin, participants were classified either as brain insulin resistant (BIR) or sensitive (BIS). First, a machine learning pipeline was applied to all CpG sites measured by the EPICv1 array to identify CpG sites that associate with brain insulin resistance (depicted in the blue frame). Results of the machine learning analyses identified in the discovery cohort were validated in a replication cohort (see methods and fig. S1). Second, epigenetic signatures associated with brain insulin resistance were detected when comparing the DNA methylation profiles in blood cells of 81 BIS and 86 BIR individuals. Differential DNA methylation analysis was followed by pathway enrichment analysis.
[bookmark: _Hlk187160765]Figure 2. Machine learning identifies epigenetic classifiers of brain insulin resistance. (A) Heatmap depicting scaled methylation of 540 CpG sites identified by machine learning in the discovery cohort (red: high DNA methylation; blue: low DNA methylation). CpG sites and methylation are detailed in data file S2. (B) Sensitivity to 1-Specificity plots are shown for the replication cohort I (n = 33) using Random Forest and Support Vector Machine. Tables correspond to confusion matrices and the accuracy of the two models (Random Forest and Support Vector Machine) in the replication cohort I (lower panels) at predicting brain insulin resistance. Precision recall plots are embeded in the ROC-AUC plots, with the left panel showing results for RF and in the right for SVM (C) Gene ontology enrichment analysis of the 445 genes corresponding to the 540 identified CpG sites performed with cytoscape. The color bar depicts the p-value of the GO enrichment, similar terms were grouped together (black circles), blue lines connect GO terms according to hierarchy and shared genes. TP: true positive; TN: true negative; FP: false positive; FN: false negative; AUC: area under curve.
[bookmark: _Hlk187160503]Figure 3. Epigenetic signatures associated with brain insulin resistance. (A) Number of differentially methylated CpG sites in the discovery cohort.(B)  Distribution of hyper- and hypomethylated CpG sites in blood cells of BIR when compared to BIS participants of the discovery cohort is depicted by a volcano plot  (details are in Data file 2)Magenta and teal dots represent the 181 hyper- and 317 hypomethylated CpG sites (also refered as DMPs, differentially methylated positions) with absolute methylation differences higher than 2.5% (|Δβ| = |βBIS - βBIR| ≥ 2.5%: AdjP < 0.05), respectively. Gray dots refer to the remaining significantly different CpG sites (n = 167, |Δβ| = βBIS - βBIR ≤ 2.5%: AdjP < 0.05). (C) Upper panel shows the number of genes annotated to DMPs. The barplot below corresponds to pathway enrichment analysis of the 304 differentially methylated genes, identified with DAVID tools (Data file 1, Table S2). (D) Venn diagram illustrating overlap of CpGs from Elastic net (gray) and differentially methylated (light green). Red circle depicts the 540 stable CpG classifiers, blue circle includes the DMPs with highest methylation changes (|Δβ| = |βBIS - βBIR| ≥ 2.5%: AdjP<0.05).
[bookmark: _Hlk187160267]Figure 4. DNA methylation of the CpG classifiers strongly correlates with brain insulin resistance. Heatmap showing the Spearman correlation coefficient of the 68 CpGs (see Figure 3D) with clinical variables from the discovery (n = 167) and replication I (n = 33) cohorts. P-values were adjusted using the Benjamini-Hochberg method and those < 0.05 were considered significant and marked with a star. The y-axis represents the phenotypes, x-axis the CpGs. Details about all 540 CpGs are available in Data file 2..
[bookmark: _Hlk187160159]Figure 5. CpGs associated with brain insulin resistance show a strong blood-brain DNA methylation correlation. (A) Proportion of CpG sites found in blood-brain comparison tool (https://epigenetics.essex.ac.uk/bloodbrain/). (B) The stacked circular barplot depicts all the 540 CpGs of which 98 CpGs (marked in blue and green colors) have significant blood-brain DNA methylation correlation (P<0.05) based on the publicly available dataset. Each stack corresponds to one brain region and the color code depicts the direction and strength of the correlation coefficient. The corresponding brain regions are depicted as following from outer to inner cirle: (PFC) Prefrontal cortex, (EC) entorhinal cortex, (STG) superior temporal gyrus, and (Cb) cerebrum inner track.
[bookmark: _Hlk187160116]Figure 6. Validation of the classification capacity of 504 CpG sites in two independent replication cohorts.
 (A) Sensitivity to 1-Specificity plots are shown for the two replication cohorts (replication I, n = 33 & replication II, n = 24) using Random Forest and Support Vector Machine. Tables corresponds to confusion matrix and the accuracy of the two models (Random Forest and Support Vector Machine) in the two replication cohorts (lower panels). (B) Precision recall plots are shown in the for Random Forest in the left panel and for Support Vector Machine in the right panel. 



Table 1. Clinical characteristics of study participants from the discovery and replication cohort grouped based on brain responsiveness to intranasally administered insulin (Data file 2).
	 
	Discovery cohort
	
	Replication cohort I
	
	Replication cohort II

	
	BIS
	BIR
	P
	
	BIS
	BIR
	P
	
	BIS
	BIR
	P

	Total n (men/women)
	81 (42/39)
	86 (48/38)
	0.608
	
	10 (5/5)
	23 (8/15)
	0.411
	
	15 (5/10)
	9 (6/3)
	

	Age (years)
	35 ± 13
	38 ± 16
	0.423
	
	43 ± 15
	59 ± 9
	4.12 x 10-4
	
	48 ± 13
	52 ± 12
	0.493

	BMI (kg/m2)
	27.3 ± 6.7
	28.0 ± 6.2
	0.200
	
	28.4 ± 4.9
	32.6 ± 3.6
	9.6 x 10-3
	
	35.2 ± 4
	35.7 ± 3.2
	0.754

	Waist-to-hip ratio
	0.87 ± 0.08
	0.89 ± 0.09
	0.232
	
	0.89 ± 0.08
	0.94 ± 0.60
	0.062
	
	0.92 ± 0.07
	0.99 ± 0.65
	0.025

	HDL cholesterol (mg/dL)
	53.8 ± 13.2
	52.87 ± 16.1
	0.428
	
	55.3 ± 16.5
	49 ± 10.3
	0.198
	
	46.4 ± 7.4
	51.9 ± 7.49
	0.097

	LDL cholesterol (mg/dL)
	111.6 ± 28.0
	118 ± 38.4
	0.376
	
	118 ± 37.8
	142 ± 41.5
	0.144
	
	134 ± 21.1
	86 ± 54.9
	0.032

	Triglycerides (mg/dL)
	101.3 ± 58.3
	124.3 ± 110.3
	0.402
	
	80.7 ± 28.5
	149 ± 68.1
	3.64 x 10-4 
	
	137 ± 70.7
	104 ± 25.6
	0.257

	CRP (mg/dL)
	0.21 ± 0.33
	0.31 ± 0.56
	0.520
	
	0.32 ± 0.34
	0.46 ± 0.48
	0.304
	
	0.57 ± 0.56
	0.15 ± 0.13
	0.014

	Fasting glucose (mg/dL)
	91.6 ± 8.5
	89.6 ± 7.9
	0.122
	
	95.5 ± 10
	111 ± 10.9
	6.45 x 10-4
	
	98.1 ± 10.9
	99.3 ± 6.5
	0.756

	ISI-Matsuda index
	14.7 ± 8.8
	14.0 ± 9.1
	0.480
	
	11.8 ± 11.1
	6.05 ± 2.97
	0.078 
	
	6.51 ± 4.1
	8.25 ± 3.34
	0.190

	ΔCBFn-Hypothalamus
	-0.15 ± 0.12
	0.12 ± 0.09
	7.04 x 10-29
	
	-0.17 ± 0.13
	0.15 ± 0.15
	7.28 x 10-6
	
	-0.13 ± 0.10
	0.14 ± 0.15
	6.47 x 10-5


Data is shown as mean ± SD. The two-sample Wilcoxon rank test or Unpaired t-test was used based on the data normality tested by Shapiro Wilk normality test and variance with F test. For the categorical data Chi-square test was used and for the analyses, P < 0.05 was considered significant and all significant values are highlighted in bold. The n in the column with the P (p-value) represents the total number of individuals included for the comparison. Abbreviations: BIS: brain insulin sensitive; BIR: brain insulin resistant; N/n: number of individuals; P: p-value; BMI: body mass index; HDL: high-density lipoprotein; LDL: low-density lipoprotein; CRP: C-reactive peptide; ISI: insulin sensitivity index; CBF: cerebral blood flow.
	CpG ID
	p
	AdjP<0.05_p
	Δbeta
	Region-location
	Annotated gene

	cg15465743
	1.50 x 10-6
	0.005
	0.129
	Body-shore
	BRSK2

	cg17658113
	1.73 x 10-6
	0.006
	0.109
	Body-shore
	BRSK2

	cg04481923
	3.29 x 10-4
	0.048
	0.096
	Body-island
	MIR886

	cg25340688
	2.49 x 10-4
	0.042
	0.094
	TSS200-island
	MIR886

	cg18797653
	1.91 x 10-4
	0.038
	0.090
	TSS1500-shore
	MIR886

	cg18678645
	3.44 x 10-4
	0.048
	0.087
	TSS200-island
	MIR886

	cg26896946
	2.41 x 10-4
	0.042
	0.087
	TSS200-island
	MIR886

	cg05871802
	1.63 x 10-4
	0.036
	0.085
	Body-opensea
	KCNC1

	cg00124993
	2.90 x 10-4
	0.045
	0.082
	TSS200-island
	MIR886

	cg06575387
	1.49 x 10-5
	0.013
	0.078
	5'UTR-opensea
	CTDP1

	cg20785120
	2.10 x 10-5
	0.015
	0.075
	Body-opensea
	BCAS4

	cg11608150
	1.86 x 10-4
	0.038
	0.075
	IGR-shore
	-

	cg04140807
	7.02 x 10-7
	0.0037
	0.072
	Body-opensea
	IGF1R

	cg11766580
	1.04 x 10-7
	0.0017
	0.066
	5'UTR-opensea
	AFAP1

	cg17586533
	1.49 x 10-4
	0.0349
	0.065
	TSS1500-shore
	TMEM70

	cg12534199
	1.47 x 10-4
	0.035
	-0.109
	IGR-opensea
	-

	cg10590925
	2.83 x 10-6
	0.007
	-0.100
	Body-shore
	BRSK2

	cg18661872
	2.90 x 10-4
	0.045
	-0.096
	IGR-opensea
	-

	cg17416644
	6.29 x 10-6
	0.009
	-0.088
	Body-shelf
	BRSK2

	cg17429870
	1.01 x 10-5
	0.011
	-0.087
	Body-shore
	BRSK2

	cg06231783
	2.13 x 10-5
	0.015
	-0.074
	Body-shelf
	BRSK2

	cg05820861
	4.63 x 10-5
	0.021
	-0.071
	TSS1500-island
	C1QTNF9

	cg09062922
	1.59 x 10-4
	0.036
	-0.071
	IGR-opensea
	-

	cg14064268
	2.16 x 10-4
	0.040
	-0.068
	Body-shore
	BRSK2

	cg01283332
	2.40 x 10-4
	0.042
	-0.068
	IGR-island
	-

	cg20790798
	3.16 x 10-5
	0.018
	-0.063
	IGR-island
	-

	cg12186219
	8.95 x 10-7
	0.004
	-0.062
	Body-shore
	BRSK2

	cg25271479
	3.67 x 10-5
	0.019
	-0.061
	Body-opensea
	BRSK2

	cg02527881
	1.36 x 10-4
	0.034
	-0.061
	Body-shelf
	PTH1R

	cg18070959
	2.17 x 10-4
	0.040
	-0.060
	TSS200-shore
	LOC101929034


Table 2: Top 15 hypomethylated and hypermethylated CpG sites and their location in the indicated genes


	



Table 3. Number of BIR classifiers  correlating with the clinical characteristics of study participants from the discovery and replication cohorts (details in Data file 2).

	
	
	Discovery cohort (AdjP<0.05 < 0.05)
	
	Replication cohort (AdjP<0.05< 0.05)

	Age (years)
	
	19
	
	22

	BMI (kg/m2)
	
	4
	
	12

	Waist-to-hip ratio
	
	2
	
	6

	ΔCBFn-Hypothalamus
	
	528
	
	248

	Fasting glucose (mg/dL)
	
	5
	
	48

	 2-h glucose (mg/dL)
	
	5
	
	0

	ISI-Matsuda index
	
	1
	
	16

	CRP (mg/dL)
	
	5
	
	0

	HbA1c (mmol/mol)
	
	2
	
	48

	HDL cholesterol (mg/dL)
	
	2
	
	1

	Triglycerides (mg/dL)
	
	6
	
	83

	LDL cholesterol (mg/dL)
	
	4
	
	0

	Fasting insulin (pmol/L)
	
	1
	
	23

	HOMA-IR
	
	0
	
	45 

	
	
	
	
	


Each number corresponds to the number of significantly correlated CpG sites with the corresponding clinical characteristics/variables. The Spearman correlation test was performed for this subset of CpGs and beta values were used for the correlation analysis. The p-value was adjusted using Benjamini.Hochberg method and AdjP<0.05< 0.05 was considered statistically significant.


