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SUMMARY
Environmental and genetic factors cause defects in pancreatic islets driving type 2 diabetes (T2D) together
with the progression of multi-tissue insulin resistance. Mass spectrometry proteomics on samples from five
key metabolic tissues of a cross-sectional cohort of 43 multi-organ donors provides deep coverage of their
proteomes. Enrichment analysis of Gene Ontology terms provides a tissue-specific map of altered biological
processes across healthy, prediabetes (PD), and T2D subjects. We find widespread alterations in several
relevant biological pathways, including increase in hemostasis in pancreatic islets of PD, increase in the com-
plement cascade in liver and pancreatic islets of PD, and elevation in cholesterol biosynthesis in liver of T2D.
Our findings point to inflammatory, immune, and vascular alterations in pancreatic islets in PD that are hy-
potheses to be tested for potential contributions to hormonal perturbations such as impaired insulin and
increased glucagon production. This multi-tissue proteomic map suggests tissue-specific metabolic dysre-
gulations in T2D.
INTRODUCTION

Insufficient secretion of insulin from pancreatic b cells and poor

sensitivity to insulin from multiple tissues are important for the

development of type 2 diabetes (T2D) that, in turn, is often fol-

lowed by late complications, disability, increased mortality,

and increased health care costs. High-energy diet, genetic fac-

tors, and limited physical activity leading to obesity are predis-

posing factors that lead to an increased risk for T2D.1,2 Besides

genetic factors, various cellular components, such as proteins

and metabolites, have been reported to be consistently altered

in T2D, partly driven by environmental factors.3–5 Several studies

have associated the effects of insufficient insulin with specific

cellular deregulations, including glucose levels and lipid deposi-

tion in tissues and fatty acid uptake and metabolism.6–8
Cell Repo
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The major tissues for the development of T2D include pancre-

atic islets, various adipose depots, skeletal muscle, liver, intes-

tine, and the central nervous system, but they remain largely

understudied.9 Instead, the majority of studies exploring T2D

have focused on easily accessible tissues such as biofluids

that exhibit cellular and molecular alterations reflecting events

that may take place in the other, primary tissues, thus providing

indirect evidence.9,10 Exploring alterations in biological path-

ways across the various metabolically relevant tissues and

distinct states of T2D would provide an information-rich holistic

view of the primary events leading to the disease.

Liquid chromatography (LC) coupled with mass spectrometry

(MS) is a methodology that is routinely employed for the identifi-

cation andquantification of proteins from tissue samples, thus ul-

timately aiming at discoveries of biological and medical
rts Medicine 3, 100763, October 18, 2022 ª 2022 The Author(s). 1
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relevance.11 Technological advances, including sample prepara-

tion, data acquisition, and computational processing pipelines,

have enhanced the overall analytical capacity of MS prote-

omics.12,13 MS proteomics has been utilized in a spectrum of tis-

sues to studymultiple diseases spanning fromcerebrospinal fluid

for Alzheimer’s disease to brain for medulloblastoma to induced

pluripotent stem cells differentiated into myoblasts for T2D.14–16

A recent review in insulin-target proteomics of various organs

highlighted different pathological processes related to insulin

resistance (IR). Specifically, increase in immune- and fibrosis-

related proteins in adipose tissue, increase in branched-chain

amino acids and mitochondrial proteins in liver, and excessive

availability of fatty acids in skeletal muscle have been strongly

associated with increased IR.17

In this cross-sectional study, we used tissue samples from 43

multi-organ donors and MS-based proteomics to build a map of

altered biological processes in prediabetes (PD) and T2D in

visceral adipose tissue (VAT), liver, skeletal muscle, pancreatic

islets, and serum. This resource provides an extensive coverage

of the proteome of multiple tissues relevant to T2D. We

confirmed a substantial fraction of well-characterized markers

from the literature, such as the significant downregulation of

the citric acid (TCA) cycle in VAT and skeletal muscle, but

more importantly, we identified various biological signals and

pathways through comparisons across tissues that substantially

expand knowledge on PD and T2D. A network of comparisons

among healthy control subjects (CTRLs), subjects with PD, and

subjects with T2D provided an overview of responses of tissues

and highlighted tissue-specific patterns of altered biological pro-

cesses. In summary, we provide a resource of protein levels and

enriched biological processes in the most important tissues

involved in the development of T2D.

RESULTS

A cohort of 43 multi-organ donors of five key metabolic tissues,

including VAT, liver, skeletal muscle, pancreatic islets, and

serum, was characterized by normoglycemia (n = 17), PD

(n = 14), and T2D (n = 12) (Figure 1; Table S1A). Tissue samples

were obtained from The Nordic network for Clinical islet Trans-

plantation, supported by the Swedish national strategic

research initiative Excellence of Diabetes Research in Sweden.

Availability of all five tissues from the same donor was the pri-

mary selection criterion in a collection of more than 250 sub-

jects (Figure 1A). The percentage of glycosylated hemoglobin

A1c (HbA1c) in the blood that indicates the average blood sugar

levels over 2–3 months is an established clinical marker of T2D.

This and the quantification of insulin secreted from pancreatic

islets on stimulation (glucose-stimulated insulin secretion

[GSIS]) were strongly associated with the groups of CTRL,

PD, and T2D. Anthropometric characteristics, including age,

body mass index (BMI), and gender, showed minor associa-

tions to HbA1c, GSIS, and T2D. Medications administered to

subjects during the intensive care hospitalization did not

show associations to T2D groups (Table S1B).

In a large proteomics analysis on 195 samples, we identified

more than 20,000 proteins (Figures 1A, 1B; Table S1C). Overall,

the proteome coverage of tissues was larger than earlier studies,
2 Cell Reports Medicine 3, 100763, October 18, 2022
while it overlapped with more than 72% of the proteomes of

other studies (Figure 1B; Table S1D).18–23 One sample and

more than 41% of the proteins were excluded from further anal-

ysis after a thorough quality-control process (Figures S1A–S1E;

Table S1E). Next, we selected as confounding factors clinical

and technical variables with median explained variance of prote-

omics data larger than 1% (Table S1F). Cold ischemic time (CIT),

which has been reported to affect the phosphoproteome and

potentially the proteome, and the days of hospitalization in the

intensive care unit (ICU) were associated to the variance of pro-

teins.24 Through the same process, BMI and age in all tissues

and the percentage of purity of the sample in pancreatic islets

were selected as additional covariates (Table S1F).

Correlation analysis showed that 14, 26, and 27 proteins had

strong positive or inverse correlations to HbA1c, GSIS, and

BMI, respectively, and retainedweak statistical significance after

multiple testing correction (Table S1G). The latter wasmainly due

to the disproportional dimensionality of the data that contain or-

ders of magnitude more proteins than samples. We performed

partial correlations of individual proteins to HbA1c while correct-

ing for covariates including and excluding BMI (Table S1H).

Choosing r = |0.4| as the threshold for improved or decreased

correlation because of BMI, we concluded that inclusion of

BMI as a covariate in the downstream analysis would not influ-

ence the associations of proteins to HbA1c. Specifically, the num-

ber of proteins correlated to HbA1c with r > |0.4| remains un-

changed after the inclusion of BMI as a confounding factor

(Table S1I). Dimensionality reduction using principal-component

analysis (PCA) and uniform manifold approximation and projec-

tion (UMAP), as well as hierarchical clustering on protein abun-

dancies, showed limited subgrouping of the subjects

(Figures 1C, 1D, S1F, and S1G).

MS proteomics allows accurate clustering of tissues
We performed a stringent quality control of samples and proteins

to identify and remove potential outliers and sources of bias

(Figures S1A–S1E). Samples from the PD subject p14 were

excluded because of consistently deviating more than 3 standard

deviations fromtheoverallmedianof all proteinsof the same tissue

(Figure S1A), and the dataset was further processed for down-

stream analysis (Figures 1B–1E and S1B–S1E). We applied a con-

servative quality-control approach for proteins tobe identified in at

least 80%of the samples within the same tissue, which resulted in

removing more than 40% of the identified proteins across tissues

(Table S1E); liver retained more than 4,000 of the originally identi-

fied proteins, pancreatic islets and VAT about 3,000, and skeletal

muscle more than 1,500 (Figure 1B). As expected, because of

the vast dynamic range of the expressed proteome, serum had

the lowest number of identified proteins, mainly because of the

high abundance of some proteins (Figure 1B; Table S1E).25

Despite the known challenges of MS proteomics in VAT and

skeletal muscle, our approach resulted in an extremely deep

coverage of the proteome of all tissue samples. We also achieved

substantial representationof theproteomeofpancreatic islets that

to date lacks extensive investigation (Table S1D).26,27 Proteins

identified in single tissues showedstrongenrichment for biological

pathways and Gene Ontology (GO) biological processes highly

relevant to the corresponding tissues (Figures 1B and S2A).
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Figure 1. Overview of the study and exploration of the proteomics dataset

(A) Schematic overview of tissue samples. Doughnut charts show the distribution of CTRL, PD, and T2D subjects. The two outer circles show the fraction of

subjects belonging to the merged groups of CTRL + PD and PD + T2D.

(B) Venn diagram that summarizes tissue-shared and tissue-specific proteins.

(C) Hierarchical clustering of protein abundancies across samples. Proteins were clustered using the function ward.D from the R package stats based on 1-r,

where r is the Pearson correlation coefficient. The dendrogram and the heatmap illustrate clustering and protein intensity, respectively. Tissues are indicated by

color and text on the right-hand side of the dendrogram, and the T2D status is shown in the next column. The right-most bar plot shows number of identified

proteins in each sample prior to filtering, and the black line marks the number of proteins retained after filtering.

(D and E) Principal-component analysis (PCA) of the processed proteomics data of all tissues. The PCA was performed using the function pca of the R library

pcaMethods. (D) Colored by T2D groups; (E) colored by tissues.
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Proteins identified only in liver showed enrichment for metabolism

of various types of lipids and amino acids (q < 0.05), transport of

bile acids and salts (q < 6 3 10�4), and steroid biosynthesis

(q<0.03).Skeletalmusclewasenriched formuscle-specific terms,

including muscle contraction (q < 8 3 10�3) and development

(q < 0.03), aswell as ion homeostasis (q < 73 10�3), while pancre-

atic islets were primarily enriched for secretion of hormones

(q < 0.01) and insulin (q < 0.04) and release of signals

(q < 3 3 10�3), and serum was enriched for the complement and

coagulation cascades (q < 0.05) (Figure S2A; Table S1J).

Overall, a set of 1,101 proteins was identified in all tissues

excluding serum (Figure 1B), resulting in a collection of more

than 600 enriched GO biological processes (q < 0.05)
(Figures S2B and S1C; Table S1K). The 87 proteins that were

identified across all five tissues resulted in many enriched GO

biological processes, despite other larger collections of proteins

identified among other subsets of tissues (Figures S2B andS2C).

Overall, as expected, proteins identified in two or more tissues

represented more generic biological functions than the ones

identified in single tissues, including post-translational protein

modifications (q < 10�5), exocytosis (q < 0.01), generation of pre-

cursor metabolites and energy (q < 63 10�17), tissue homeosta-

sis (q < 23 10�5), and regulation of cell-cycle G2/M phase tran-

sition (q < 9.6 3 10�12) (Figure S2C; Table S1K).

Unsupervised clustering revealed identical proteomics profiles

for tissue samples from subjects of the current set that were
Cell Reports Medicine 3, 100763, October 18, 2022 3
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analyzed in a pilot study following adifferentMSacquisitionmode,

confirming the robustnessof theanalysisand thehighqualityof the

data (Figure S3). Furthermore, hierarchical clustering and PCA of

protein abundancies showed that the tissues of origin carried the

strongest biological signature, over the clinical subgrouping of

subjects into CTRL, PD, and T2D (Figures 1C and 1E). The most

abundant proteins of the muscle sample p42 that clustered with

VAT (Figures1CandS4A)were related tocoagulation and immune

response and were similar to the ones from a subset of VAT sam-

ples (Figures S4B and S4C), while others that weremore similar to

skeletal muscle expressed muscle-specific signals (Figures S4B

and S4D), collectively suggesting contamination of the sample.

Landscape of altered biological processes in PD and
T2D
Weperformedwithin-tissue differential analyses for pairwise com-

binations of CTRL, PD, and T2D while accounting for BMI, age,

CIT, days of hospitalization in the ICU, and when applicable, per-

centage of purity of the pancreatic islets sample (Table S1L). Cor-

relation analysis between Spearman r of proteins to HbA1c
(Table S1G) and the log-fold change divided by the standard error

from the differential analysis (Table S1L) resulted in r = 0.81

(p < 10�260) in liver, r = 0.65 (p < 10�260) in pancreatic islets, r =

0.7 (p < 2.3 3 10�223) in skeletal muscle, r = 0.73 (p < 10�260) in

VAT, and r = 0.52 (p < 3.63 10�20) in serum. In otherwords, the re-

sults of the differential analysis showed significant agreement to

thecorrelation analysisbetweenproteinsandHbA1c.Next,weper-

formedagene set enrichment analysis to explore the landscape of

enriched GO terms across tissues and identify altered biological

processes across T2D phenotypes28–30 (Table S1M). When

comparing PD and CTRL, the majority of enriched GO terms

occurred in pancreatic islets, while the other tissues had a limited

numberofsignificantlyalteredbiologicalprocesses,even thougha

considerable number was enriched in the liver (Figure 2A). The

dominance of enriched biological processes in pancreatic islets

was slightly reduced when T2D was compared with CTRL (Fig-

ure2B).At thesametime,weobservedmultipleenrichedGOterms

in skeletalmuscle and VAT (Figure 2D). Pancreatic islets showed a

limited number of enriched terms when T2D was compared with

PD (10%), while over 70% of the same enrichment terms were

covered by the liver (Figures 2C and 2D). A similar fraction of en-

riched terms for skeletal muscle was observed in the T2D-CTRL

and T2D-PD networks, while for liver and VAT the largest number

of enrichedprocesseswas observed in the T2D-PDnetwork, 70%

and15%, respectively (Figures 2Band 2C). In contrast, pancreatic

islets were responsible for over 66% of the enriched GO terms in

both PD-CTRL and T2D-CTRL (Figures 2A, 2B, and 2D). Overall,

the distribution of clusters of GObiological process across tissues

varied for different combinations of CTRL, PD, and T2D (Fig-

ure S6A). VAT, muscle, and pancreatic islets demonstrated en-
Figure 2. Overview of enriched GO biological processes across tissue

(A–C) Networks were created using the Cytoscape plugins EnrichmentMap and

processes (Table S1M).28–30 Nodes represent enriched GO biological processe

process. Thickness of edges represents the fraction of shared proteins between

represent broader categories of individual GO terms. Panels show comparisons

(D) Distribution of the enriched GO biological processes across tissues correspon

fraction of enriched terms with respect to the total number of enriched terms for
riched GO terms covering similar biological processes, while the

liver projected an intermediate state with more diversely enriched

groups. Across tissues, pairwise comparison of liver and pancre-

atic islets, aswell as VAT and skeletalmuscle, demonstrated large

similarities on the patterns of enriched GO terms (Figure S6B).

Immune and lipid-related processes are upregulated in
pancreatic islets of PD
The majority of enriched GO biological processes related to the

immune system and its regulation in pancreatic islets were

significantly upregulated in PD (qmax < 3.7 3 10�3). Processes

related to adaptive and innate immune systems, antibody-medi-

ated immunity, and inflammation were consistently elevated in

pancreatic islets (qmax < 7.1 3 10�4), as well as in liver

(qmax < 5 3 10�3) of PD. Moreover, terms related to coagulation

and homeostasis were also higher in PD of pancreatic islets

(qmax < 5.8 3 10�3). Homeostasis was significantly altered in

pancreatic islets of PD (qmax < 2.5 3 10�3), both on the fibrino-

lytic and on the coagulation end, which when taken together

with the elevated immune responses create the foundation of a

pre-thrombotic state.31 Lipid metabolism pathways, including

metabolism of steroids and triglycerides (qmax < 1.2 3 10�3),

and metabolism of lipids, as well as their transport

(qmax < 2.53 10�3), were significantly increased in PD of pancre-

atic islets (Figures 2A and S5A).

Alteration of biological processes in VAT and skeletal
muscle of T2D
Biological processes connected to metabolism of steroids and

alcohol were almost exclusively upregulated in liver of T2D

(qmax < 8.4 3 10�3), while those associated with proteolysis

increased in pancreatic islets of T2D (qmax < 4.7 3 10�3). We

observed divergent directions in the alterations of the meta-

bolism of organic compounds and nucleotides between liver

(qmax < 6.7 3 10�3) and VAT of T2D (qmax < 4.8 3 10�3). We

also identified a notable decrease in GO terms related to oxida-

tive phosphorylation (OXPHOS) and cellular respiration in VAT

(qmax < 4.1 3 10�3) and skeletal muscle (qmax < 3.4 3 10�3)

(Figures 2B and S5B). The latter confirms our observation that

enriched GO terms in VAT andmuscle share a considerable frac-

tion of ontology terms in T2D (Figure S6B). Various processes

related to the metabolism of fatty acids were exclusively

decreased in VAT of T2D (qmax < 4.23 10�3), while skeletal mus-

cle showed a significant decrease for terms related to DNA tran-

scription and translation in T2D (qmax < 5.3 3 10�3) (Figure 2B).

Deregulation of various biological processes from PD to
T2D in the liver
Comparison of T2D and PD resulted in the largest number of en-

riched biological processes across tissues, with liver being
s for pairwise comparisons among CTRL, PD, and T2D

AutoAnnotate based on a curated set of custom classes for GO biological

s (q < 0.01), and their size indicates the number of proteins in the biological

nodes. Only edges describing high similarity were retained. Groups of nodes

of (A) PD-CTRL, (B) T2D-CTRL, and (C) T2D-PD.

ding to the networks on the left-hand side. The distribution is presented as the

the pairwise comparison.

Cell Reports Medicine 3, 100763, October 18, 2022 5
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responsible for over 70% of them and pancreatic islets for less

than 11% (Figure 2D). Immune-related terms and their regulatory

processes largely occurred in liver (qmax < 6.3 3 10�3) that con-

sists of a shift in comparison with the former networks that

compared PD and T2D with CTRL and that were dominated by

pancreatic islets (Figures 2C and S6A). This had 2-fold implica-

tions on the similarity of inflammatory and immune states be-

tween PD and T2D in pancreatic islets and on the late alterations

of these biological processes in liver in T2D (Figure S5C). Multi-

ple enriched metabolic processes were exclusively altered in

liver, probably because of its higher metabolic activity spanning

various metabolic processes (qmax < 8.4 3 10�3). Specifically,

metabolic processes of carbohydrates (qmax < 8.3 3 10�3),

alcohol (qmax < 1.4 3 10�4), and steroids (qmax < 1.3 3 10�3)

were upregulated, whereas metabolism of glycosaminoglycans

was downregulated (qmax < 8.4 3 10�3) (Figure 2C). Metabolic

processes of amino acids (qmax < 8.2 3 10�3), organic com-

pounds (qmax < 3.2 3 10�4), fatty acids (qmax < 3.3 3 10�3),

and lipids (qmax < 7.7 3 10�3) were consistently upregulated in

liver and downregulated in VAT (qmax < 2.2 3 10�4,

qmax < 1.6 3 10�7, qmax < 2.1 3 10�3, and qmax < 2.8 3 10�3,

respectively) of T2D in comparison with PD (Figure 2C). Similar

to T2D-CTRL, OXPHOS and cellular respiration were enriched

in muscle (qmax < 3.1 3 10�4 and qmax < 3.3 3 10�5, respec-

tively), as well as VAT (qmax < 6.4 3 10�4 and

qmax < 6.93 10�5, respectively), and followed the same direction

of change (Figures 2C and S5C). Overall, biological processes

enriched in the comparison T2D-PD resembled those enriched

in T2D-CTRL in muscle and VAT (Figures 2B, 2C, and S6B).

The latter did not apply to the same extent in liver, where about

half of the biological processeswere shared across comparisons

(Figure S6B).

Enrichment of keymetabolic pathways across tissues in
PD and T2D
We analyzed the dataset for enriched biological pathways simi-

larly to the aforementioned analysis for GO terms (Table S1N).

The fraction of enriched biological pathways per tissue

(q < 0.05) followed the same pattern as the GO biological pro-

cesses (Figures 2D and S6C). We selected a subset of enriched

biological pathways (q < 0.05) that we grouped based on biolog-

ical relevance (Figure 3). The TCA and its contributions of NADH

and FADH2 electron carriers to the OXPHOS have been

observed to be decreased in muscle of T2D and in adipose tis-

sue of insulin-resistant subjects.32–34 Here we observed that

the entirety of TCA and OXPHOS were significantly decreased

in T2D of VAT and muscle when compared with both CTRL

and PD, as well as the merged group of CTRL + PD

(Figures 3B, 3C, and S7B). At the same time, pathways related

to the complement cascade were significantly increased in PD

of liver and pancreatic islets (Figure 3A). In liver of T2D, some

of these pathways were significantly lower when compared

with both CTRL and PD, suggesting widespread inflammation

in PD and the inverse in T2D (Figure S7B). Various resolution

levels for biological pathways related to Fc-g and Fc-ε signaling,

as well as hemostasis, were significantly higher in PD and T2D in

pancreatic islets, with the ones of T2D being significantly lower

than the ones in PD (Figure 3). The latter is further confirmed
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from the statistical significance between the merged group of

PD and T2D to CTRL (Figure S7A; Table S1N) and the lack of sig-

nificance when PD is considered in combination with CTRL and

compared with T2D (Figure S7B; Table S1N). Metabolism of ste-

roids enclosed five different pathways that were all significantly

higher in liver of T2D compared with CTRL, while differences be-

tween PD and CTRL did not show significance (Figure 3). The

similarity of pathways related to metabolism of steroids in liver

of PD and CTRL subjects is also demonstrated when they are

merged into one non-diabetes group and compared with T2D

(Figure S7B). Other enriched pathways included the increase

of metabolism of vitamins in pancreatic islets of PD and T2D

and the decrease of pathways of neurodegenerative diseases

in VAT and liver of T2D (Table S1N).

We also investigated whether the insulin doses that were

administered to three subjects from a CTRLwhile in ICU affected

our results (Table S1A). Specifically, we excluded those subjects

and reperformed the enrichment analysis of biological pathways

and GO terms. Comparison of the significance levels and the

normalized enrichment scores between this analysis and the

original results showed negligible differences (Figure S8;

Table S1O).

TCA and OXPHOS in VAT and skeletal muscle are
significantly decreased in T2D
Mitochondrial function reflected by the TCA cycle and the

OXPHOS chain were impaired in T2D in comparison with both

CTRL and PD individuals (Figure 4). The same was also found

for the biogenesis of the key mitochondrial component complex

I, which is the leading component of the reduction in OXPHOS in

skeletal muscle and VAT. In contrast, there were no evident dif-

ferences in these pathways between PD and CTRL subjects

(Figures 3A, S9C, and S9D). Analysis of mitochondrion-related

GO cellular components revealed significant downregulation

for VAT and skeletal muscle for several terms, including mito-

chondrial matrix (qVAT < 1.13 10�5 and qmuscle < 1.33 10�2), in-

ner mitochondrial membrane protein complex (qVAT < 7.23 10�6

and qmuscle < 1.7 3 10�5), mitochondrial envelope

(qVAT < 2.7 3 10�6 and qmuscle < 9 3 10�5), and mitochondrial

protein complex (qVAT < 10�6 and qmuscle < 1.7 3 10�5)

(Table S1P).

The entirety of the TCA cycle and the OXPHOS chain was

significantly lower in T2D than in CTRL in VAT and skeletal mus-

cle (q < 8.8 3 10�8 and q < 3.2 3 10�4, respectively) (Figure 3;

Table S1N). The downregulation of the TCA cycle in VAT and

muscle has been described in other studies to be associated

with IR.32–34 The downregulation of pyruvate metabolism and

the TCA cycle was driven by 26 proteins in VAT and 17 proteins

in skeletal muscle, of which 11 were shared (Figure S9). The vast

majority of all eight key enzymatic complexes of the TCA cycle,

namely, citrate synthase (CS), aconitase 2 (ACO2), isocitrate de-

hydrogenase (IDH), a-ketoglutarate dehydrogenase (aKGDH),

succinyl-CoA synthase (SCS), succinate dehydrogenase

(SDH), fumarate hydratase (FH), and malate dehydrogenase

(MDH), were reduced in VAT and/or skeletal muscle of T2D,

hence confirming the significant downregulation of the entire

pathway. The NADH and FADH2 electron carriers produced

from the TCA cycle are subsequently imported to the OXPHOS
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and utilized for energy production (Figure 4). A large set of 54

proteins from VAT and 27 from skeletal muscle, of which 19

were shared, were marked to drive the overall decrease of the

OXPHOS pathway components (Figures 3 and S10). The major-

ity of the driving proteins were moderately higher in PD than in

CTRL, but their notable decrease in T2D resulted in the signifi-

cant decrease of the pathway in both VAT andmuscle. In conclu-

sion, we confirm previous knowledge about the downregulation

of TCA and OXPHOS in VAT and skeletal muscle in T2D. Further-
more, we extend this knowledge by identifying additional de-

regulated proteins, which highlights the value of the data.

Cholesterol biosynthesis is significantly increased in
liver of T2D
Multiple steps of the cholesterol biosynthesis pathway were

enhanced in liver of T2D compared with PD, as well as CTRL

(Figures 3, 5, S7A, and S7B). The increase in liver of T2D subjects

(q < 1.6 3 10�56) was mainly driven by 16 proteins that
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demonstrated up to 2-fold higher levels when compared with

CTRL (Figure 5; Table S1L). Eleven of the 16 proteins are prod-

ucts of the biological pathway that activates gene expression

through sterol regulatory element binding proteins (SREBPs)

(Figures 3 and 5). Specifically, the expression of, among others,

lanosterol demethylase (CYP51A1), 7-dehydrocholesterol

reductase (DHCR7), farnesyldiphosphate farnesyltransferase

(FDFT1), farnesyl diphosphate synthase (FDPS), hydroxymethyl-

glutaryl CoA synthase (HMGCS1), isopentenyl-diphosphate

d-isomerase 1 (IDI1), lanosterol synthase (LSS), diphosphome-

valonate decarboxylase (MVD), mevalonate kinase (MVK), squa-

lenemonooxygenase (SQLE), and transmembrane 7 superfamily

member 2 (TM7SF2) was increased 1- to 2-fold in liver of T2D

compared with CTRL (Figure 5B).

The cholesterol biosynthesis pathway initiates with acetyl-

CoA that is produced by glycolysis and results in, among others,

cholesterol that is utilized for the biosynthesis of steroid hor-

mones and primary bile acids. The MS analysis identified most

of the proteins from key steps of the cholesterol biosynthesis

pathway (Figure 5A). A detailed exploration on the protein abun-

dancies in liver revealed that despite the moderate significance
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of the differences between CTRL and T2D in protein levels, their

cumulative impact to the pathway was sufficient to lead to a

strong increase (Figures 5B and S11).

Proteins related to the hemostasis pathway were
elevated in pancreatic islets of PD
The blood clot formation pathway of hemostasis was strongly

enriched in pancreatic islets of PD (q < 3.5 3 10�6) (Figure 3).

Specifically, the enrichment of the clotting cascade

(q < 8.6 3 10�14) was led by the upregulation of the common

and intrinsic pathways that are responsible for fibrin clot forma-

tions (q < 1.13 10�6 and q < 4.53 10�15, respectively) (Figure 3;

Table S1N). A large collection of 44 proteins that were higher in

PD than in CTRL drove the identification of the significant in-

crease of the pathway (Figures S12). Visualization of a subset

of 21 proteins from the pathway of hemostasis illustrated the

key biological processes affected by these enzymes (Figure 6).

We observed a greater than 3-fold increase in transferrin (TF)

and a solid elevation in multiple members of the serpin family

of proteins (Figures 6 and S12A). In addition, we observed that

the significant increase of the 44 proteins associated with
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hemostasis was followed by a significant decrease in T2D that, in

turn, was significantly higher than CTRL (Figure S12B). In

contrast with islets, hemostasis-related pathways in liver were

significantly lower in T2D than in PD (Figure 3).

Complement cascade increases in liver and pancreatic
islets of PD
The complement cascade was significantly higher in PD than

CTRL in liver and pancreatic islets (q < 8.4 3 10�5 and

q < 1.6 3 10�72, respectively) (Figure 3; Table S1N). In detail,

the classical and lectin pathways, which are responsible for the

creation of the C2 and C4 activators, were strongly elevated in

pancreatic islets (q < 2.83 10�53) but did not cross the threshold

of statistical significance in liver (Figures S13A and S13B). The

upregulation of the pathway in liver was led by 20 proteins, while

the one in pancreatic islets by 34 proteins, of which 14 were

shared (Figures 7, S13A, and S13B). The complement cascade

remained higher in T2D than CTRL in pancreatic islets, in

contrast with liver, where it significantly decreased (Figure 3).

The two tissues were in agreement when comparing T2D with

PD. Specifically, the levels of the driving proteins for the upregu-

lation of the complement cascade in PD decreased in T2D, re-

sulting in an overall downregulation of the pathway from PD to
T2D (qliver < 1.4 3 10�14 and qislets < 1.1 3 10�16) (Figures 3,

S13C, and S13D). The latter clearly marked an abrupt increase

of immune system-related proteins in PD followed by a strong

decrease in T2D that in liver led to significantly higher levels in

T2D compared with CTRL (Figures S13C and S13D).

DISCUSSION

Weperformed aMS-based proteomics analysis of samples from

VAT, liver, skeletal muscle, pancreatic islets, and serum from a

cohort of 43 multi-organ donors (Figure 1). We provided the

deepest proteome coverage to date for multiple tissues,

including the poorly studied pancreatic islets (Table S1D)

coupled to a thorough conservative quality-control process to

ensure the robustness of the results (Figures S1, S3, S4, and

S8; Tables S1D–S1I and S1O). We performed a multi-dimen-

sional exploratory analysis that highlighted biological processes

and pathways altered along with the development of T2D (Fig-

ures 2 and 3). This map of defects in pathways was comple-

mented with a fine-grained collection of proteins that were

shown to drive their direction of change, as well as their magni-

tude (Figures 4, 5, 6, and 7). Our findings highlighted several bio-

logical pathways to be significantly altered in PD and T2D and,
Cell Reports Medicine 3, 100763, October 18, 2022 9
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most importantly, paved the way for further intra-individual in-

vestigations. Overall, our study provides a resource to the field

of metabolic diseases.

It is estimated that 70%–80% of the patients with T2D have

non-alcoholic fatty liver disease (NAFLD).35,36 We compared

our results with recent studies that have investigated proteomics

for NAFLD in tissues difficult to sample, such as liver and pancre-

atic islets. The slight decrease of fructose-bisphosphate

aldolase B (ALDOB) in T2D of pancreatic islets was not statisti-

cally significant, hence it cannot contradict recent findings

from Wigger et al.37 ALDOA was unchanged in all tissues in
10 Cell Reports Medicine 3, 100763, October 18, 2022
agreement with their findings,37 while ALDOB and ALDOC

were increased in T2D of liver (Table S1L). Upregulation of

ALDOB in liver has been associated with steatosis in subjects

with alcohol-related liver disease (ALD) and NAFLD.21,22 In

contrast, we observed upregulation of glyoxalase I (GLO1) in liver

of PD and T2D, the downregulation of which in the same tissue of

murine models has been associated with NAFLD.38

The vast majority of the biological processes that were en-

riched in PD and T2D of pancreatic islets and liver were related

to immune responses and their regulation (Figures 3A, 3B,

S5A, and S5B). Links between the activation of the adaptive
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and the innate immune system and the progression of T2D have

been demonstrated in earlier studies, while other proteomics

studies have shown a strong increase in immune response in hu-

man islets of T2D subjects.39–41 Themost interesting group in the

PD network was the upregulation of biological processes

involved in the regulation of the immune response in pancreatic

islets and liver (Figures 2A and 5A). Liver also showed divergent

patterns of alterations in PD and T2D, while in VAT and skeletal

muscle there was a prevalent decrease in T2D (Figures 2A, 2B,

S5A, and S5B). Comparison between T2D and PD not only pro-

vided insights for the tissues with strong responses to T2D but

also underlined significantly affected biological processes (Fig-

ure 2C). We observed no enriched biological processes or path-

ways in PD of VAT and skeletal muscle, while we identified very

few differences between PD and T2D in pancreatic islets. In gen-

eral, pancreatic islets dominated the alterations between PD and

CTRL, and in T2D they did not demonstrate further notable alter-

ations (Figure 2). Unlike pancreatic islets, in liver there were over

150 enriched biological processes mainly related to the immune

system that differed between PD and T2D (Figure 2C). In sum-

mary, our data suggest that most of the biological alterations in

PD occur primarily in pancreatic islets and secondarily in liver,

and in T2D, alterations related to OXPHOS and cellular respira-

tion become prominent in VAT and skeletal muscle (Figure 2).

The TCA cycle has previously been suggested to be a marker

of IR in various tissues that we, in agreement with other studies,

find to be strongly downregulated in T2D of skeletal muscle and

VAT (Figures 3 and 4).32–34 Specifically, other proteomics studies

have shown the TCA, together with OXPHOS and pyruvate

metabolism, to be significantly downregulated in VAT.20 The am-

phibolic nature of the pathway involves the synthesis of fatty

acids and amino acids, besides driving synthesis of ATP from

ADP. In other words, its overall downregulation will affect the

ATP production and other important metabolic pathways.42

The pivotal role of mitochondrial OXPHOS in T2D was high-

lighted in a recent study that successfully treated T2D in mouse

models using magnetic and electric fields.43 The impairment of

the TCA cycle and theOXPHOS chain in VAT and skeletal muscle

of T2D subjects compared with CTRL and PD, in combination

with the indistinguishable differences between CTRL and PD,

suggested a relatively late event becoming evident when dia-

betes is already established, rather than during its development

(Figure 3). Taken together, our data suggested the tissues and

the T2D stage at which the downregulation of the TCA cycle

and the OXPHOS chain become prominent.

A similar sequence of events applied to the enhanced choles-

terol biosynthesis in liver (Figures 3 and 5). This may be driven by

the enhanced transcription activation of genes encoding various

key enzymes of the pathway and may be linked to subsequent

dysregulation of cholesterol and lipoprotein production (Figures 3

and 5). This also became evident in T2D and is likely to be a

consequence rather than a cause of the disease. The elevated
Figure 7. Biological pathway of complement cascade

Pathway visualization based on Reactome and complemented with details from K

with CTRL in liver (left-hand side of tile) and pancreatic islets (right-hand side of ti

shown in black font and colored tiles. Proteins participating in the pathway and ide

while those in gray were not identified in this analysis.
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level of many enzymes of cholesterol biosynthesis was likely

driven by two biological pathways that have SREBP as their

core regulator, namely, regulation of cholesterol biosynthesis

by SREBP and gene expression activation by SREBP (Figure 3).

We hypothesize that it is driven by increased levels and activity of

SREBP transcription factors. The latter may subsequently lead

to increased synthesis or assembly of other lipid moieties,

such as triacylglycerols, and it may favor the production and

release into the circulation of lipoproteins, such as very-low-den-

sity lipoprotein particles.44,45

Liver, skeletal muscle, and VAT are the classical sites for insu-

lin-regulated substrate metabolism, accounting for much of en-

ergy expenditure and storage.46,47 We identified patterns of

enhanced lipid, in particular cholesterol, synthesis in the liver,

and reducedmitochondrial function, and hence glucose and lipid

oxidation, in VAT and skeletal muscle (Figure 3). Taken together,

these alterations are compatible with less utilization of energy

substrates in muscle and adipose tissue, redistribution of lipids

toward the liver, and altered lipoprotein release. It appears that

these alterations in energy metabolism occur later than the islet

perturbations, and in fact, they can partly be secondary to a rela-

tive insulin deficiency. Nonetheless, the alterations in liver, mus-

cle, and VAT are certainly important in maintaining the diabetic

state, including hyperglycemia, dyslipidemia, and overweight.

The established endocrine dysfunction of the pancreas and

adaptativemechanisms of the brain are also involved in ‘‘defend-

ing’’ chronic hyperglycemia in T2D.9,48,49 At the same time, the

liver, primarily, and to a lesser extent, the kidneys are responsible

for gluconeogenesis that is the major endogenous source of

circulating glucose. It is well known that elevated gluconeogen-

esis is among the main drivers of hyperglycemia in T2D, and

the present findings suggested significantly impaired mitochon-

drial function, which, in turn, can promote gluconeogenesis.50

IR with compensatory hyperinsulinemia is a common feature

of T2D and impaired glucose tolerance, both of which are asso-

ciated with increased risk for coronary heart disease (CHD).51 A

partial explanation for the link between IR and CHD can be found

in the hypercoagulable state that is characteristic of individuals

with PD or T2D.52 Some studies have indicated a connection be-

tween hyperinsulinemia/hyperglycemia and activation of the

coagulation cascade following food intake,53,54 while others

have shown a general increase in the risk for venous thromboem-

bolism in patients with T2D.55 These findings have been further

supported by reports that infusion of glucose induces a transient

increase in the generation of thrombin (F2) in healthy subjects

and of the effect being more pronounced in T2D patients. In

addition, animal studies have shown that obesity can lead to

increased F2 production in adipose tissue via increased F7 activ-

ity; conversely, F2 deletion may protect from adiposity and

IR.56,57 Here, we observed strong elevation in the levels of TF,

F2, and several members of the serpin family, including PAI-1,

that play important roles in formation and resolution of fibrin
EGG and the literature. Tiles illustrate log-fold change values of PD compared

le). Proteins leading the increase of the pathway are marked as driving and are

ntified fromMS proteomics, but not marked as leading edges, are in white tiles,
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clots, and this is thus expected to result in a net prothrombotic

effect (Figure 6). Moreover, multiple serine proteases of the

coagulation system have been shown to function as alternative

activators of C5 and C3 of the complement cascade,58 which

was observed to be significantly elevated in other proteomic an-

alyses of plasma from patients with T2D.59,60 These pathways

were strongly upregulated in PD of pancreatic islets, and the

latter was also upregulated in liver of PD (Figures 3, 6, and 7).

It is of great interest that pancreatic islets, in contrast with liver,

VAT, and skeletal muscle, displayed strong perturbations of pro-

tein patterns in PD individuals compared with CTRLs (Figures 2

and 3). Evidence for increased hemostatic and inflammatory ac-

tivity in PD was not further enhanced in T2D subjects (Figure 3).

Instead, they retained similar patterns to PD for immune re-

sponses, while there was even a partial return toward the levels

of CTRL with respect to complement activation and hemostasis

via platelet and coagulation activation (Figures S12B, S13C, and

S13D). In conclusion, these data are compatible with an early,

potentially causal role of vascular, inflammatory, and immune

impairment within the pancreatic islets that lead to dysfunction

of their endocrine cells, which may be manifested by insufficient

insulin production and increased glucagon levels.9,37,61 It could

therefore be speculated that there is a vascular/inflammatory in-

sulitis to pancreatic islets that occurs mainly during diabetes

development but later on subsides.

In conclusion, we reported an extensive collection of biolog-

ical pathways that were found to be altered across several meta-

bolically relevant tissues in the development of T2D.More impor-

tantly, we presented a multi-tissue proteomics map describing

the tissue-specific metabolic dysregulation across healthy, PD,

and T2D subjects.

Limitations of the study
Subjects enrolled in this study were treated with multiple medi-

cations in the ICU, often including glucocorticoids and insulin,

which might interact with the underlying metabolic condition to

modulate the proteomic data. In ICU patients, temporary hyper-

glycemia commonly occurs, also in non-diabetic patients, thus

patients without diabetes, and obviously those with diabetes,

are often given insulin to maintain near normoglycemia. Patients

who were not administered insulin maintain an endogenous level

of insulin produced by their b cells. Taken together, this indicates

that our observed differences in protein profiles between groups

are likely related to the chronic glycemic status and not to acute

glycemic alterations during ICU care.

Our results would need to be cross-validated in other settings

involving additional experimental procedures to be further

confirmed and, potentially, explored in clinical studies. We

were restricted only to the reported clinical variables because

of the Swedish legislation on obtaining details for other underly-

ing diseases andmedication that the subjects were administered

prior to their admission to the ICU. In our analysis, we have

adjusted for potential confounding technical factors including

CIT and the purity of the samples of pancreatic islets. The nature

of this study that includes factors such as underlying inflamma-

tion in subjects and the unavailability of clinical variables might

have impacted a fraction of the results. The choice of serum

limited us from investigating coagulation factors in blood. In
addition, sampling methods at the different medical facilities

and the control of deep-frozen storage chain of the samples

may have impacted the results to some extent.
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Chemicals, peptides, and recombinant proteins

Sodium deoxycholate (SDC) Sigma Cat#30970

Tris (2-carboxyethyl) phosphine Sigma Cat#C4706

Chloroacetamide Sigma Cat#C0267

LysC Wako Cat#4548995075888
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Acetonitrile Sigma Cat#75-05-8

25% LC-MS grade ammonia Fisher chemical Cat#533003

Trifluoroacetic acid Sigma Cat#76-05-1

Water, Optima L/MS Grade Sigma Cat#76-05-1

Deposited data

Proteomics Identifications Database (PRIDE) PXD027597

Full analysis pipeline https://github.com/klevdiamanti/

multi-tissue_ms_proteomics

Software and algorithms

Cytoscape v3.7 Shannon et al., 2003

EnrichmentMap v3.3 Merico et al., 2010

AutoAnnotate v1.3.3 Kucera et al., 2016

limma v3.42.2 Ritchie et al., 2015

Camera Wu et al., 2012

fgsea v1.12.0 Korotkevich et al., 2019

MaxQuant v1.6.0.1 Cox and Mann 2008

Andromeda Cox et al., 2011

Spectronaut v13 Bruderer et al., 2015

Other

MSigDB v7.2 (19 September 2020) Liberzon et al., 2011

UniProt The UniProt Consortium, 2021

GO (from MSigDB v7.2) Subramanian et al., 2005

GOslim (02 May 2020) Mi et al., 2019

KEGG (from MSigDB v7.2) Kanehisa et al., 2017

Reactome (from MSigDB v7.2) Jassal et al., 2020

Empore SPE SDB-RPS disc Sigma Cat#66886-U

Reprosil-Pur Basic C18, 1.9mm Dr. Maisch Gmbh Cat#r119.b9

EASY-Nlc 1200 system Thermo Fisher Cat#LC140

Q ExactiveTM HF-X Hybrid Quadrupole-

OrbitrapTM Mass Spectrometer

Thermo Fisher Cat#IQLAAEGAAPFALGMBFZ
RESOURCE AVAILABILITY

Lead contact
Further information and requests should be directed to andwill be fulfilled by the lead contact, Prof. ClaesWadelius (claes.wadelius@

igp.uu.se).
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Data and code availability
The mass spectrometry proteomics data have been deposited to the ProteomeXchange Consortium (http://proteomecentral.

proteomexchange.org) via the PRIDE partner repository under the accession number PRIDE: PXD027597.62 This data will be publicly

available at the date of publication. Accession numbers are listed in the key resources table. Clinical data is provided in supplemen-

tary tables.

The pipeline for the analysis is available on GitHub https://github.com/klevdiamanti/multitissue_ms_proteomics. A web-based tool

that allows visualization and exploration for levels of proteins across tissues is available on http://bioinf.icm.uu.se:3838/

multitissue_ms_proteomics/. Any additional information required to reanalyze the data reported in this paper is available from the

lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Ethics declaration
The collection and utilization of human organs for scientific research and transplantation purposes is regulated by the Swedish legis-

lation. The human tissue lab is a biobank for multi-organ donors funded by the excellence of diabetes research in Sweden (EXODIAB)

and is a collaborative initiative between the universities of Uppsala and Lund. Samples (n = 43) for five metabolically relevant tissues

were obtained from the human tissue lab following the Uppsala Regional Ethics Committee approval (Dnr: 2014/391). Informed con-

sent was received from the donors or their legal guardians for their organs to be used for scientific research. Storage and analysis of

the samples has been in full accordance with the Swedish law and regional standard practices. No tissue samples were obtained

from prisoners.

Sample collection
Frozen samples of VAT, liver, skeletal muscle, pancreatic islets and serum were obtained for 43 multi-organ donors (Tables S1A and

S1B). All subjects remained in the ICU mostly for 2–3 days (range 1–12) and brain death was the reported cause of death for all sub-

jects. The world health organization guidelines were followed to identify T2D subjects in the corresponding medical facilities.63 The

percentage of HbA1c in the blood that indicates the average blood sugar levels over 3–4 weeks was analyzed according to hospital

clinical routines established by the department of clinical chemistry at Uppsala university and with full accreditation. The assay is

performed on an Afinion instrument from Abbot. PD was identified based on the percentage of glycosylated hemoglobin in blood

(5.7% % HbA1c%6.5%), while normoglycemia (CTRL) was assigned otherwise (HbA1c%5.6%) (Tables S1A and S1B).

GSIS was assessed in a dynamic perfusion system, Suprafusion 1000 (BRANDEL, Gaithersburg, MD). Twenty handpicked islets

were perfused with low glucose (1.67 mM) for 42 min, high glucose (20 mM) for 48 min, and then low glucose again. Fractions were

collected at 6 min intervals and the secreted insulin was measured by enzyme-linked immunosorbent assay (ELISA) (Mercodia, Up-

psala, Sweden). In addition, purity of the pancreatic islet samples were estimated.64 Information on characteristics of the anthropo-

metric, technical, T2D-related and ICU-related variables was available for the study and was described in (Table S1B). We also

explored merging PD with T2D and comparing to CTRL, additionally to merging PD with CTRL and comparing to T2D.

METHOD DETAILS

Mass spectrometry proteomics
Proteomic sample preparation

Skeletal muscle, VAT and liver samples were lysed in Sodium Deoxycholate containing lysis buffer (1%Sodium Deoxycholate (SDC),

10 mM Tris (2-carboxyethyl) phosphine (TCEP), 40 mM Chloroacetamide (CAA) and 100 mM of Tris (pH 8.5)). The samples were ho-

mogenized with an Ultra Turrax homogenizer (IKA). In case of the pancreatic islets extract, lysis buffer containing 10% 2,2,2-trifluor-

oethanol (TFE), 10mMTris (2-carboxyethyl) phosphine (TCEP), 40mMChloroacetamide (CAA) and 100mMof Tris (pH 8.5) was used

for protein extraction. For the serum samples, 1mL of serumwasmixed with 24 mL of 1%SDC buffer. Samples were boiled at 95�C for

10 min. Tissue samples were sonicated using a tip sonicator while serum samples were sonicated using water bath sonicator. Tissue

lysates were then centrifuged at 16000 g for 10 min and the supernatant was collected for protein digestion. Proteins were digested

using the endoproteinases LysC and trypsin (1:100 w/w) at 37�C overnight with shaking. Digested peptides were acidified using 1%

Trifluoroacetic acid (TFA) and purified using the StageTips containing SDB-RPSmaterial and eluted in 1% ammonia and 80% aceto-

nitrile. Peptides were concentrated, dried using Speed-vac and res-suspended in buffer containing 2% acetonitrile and 0.1% TFA.

Peptide libraries, high pH reversed-phase fractionation

For serum, skeletal muscle, VAT and liver we used peptide libraries generated in house for quantification based on data-independent

acquisition (DIA). To generate the library for the pancreatic islets, 15 mg of peptides were pooled from few samples and fractionated

using high pH reversed-phase chromatography.65 Sixteen fractions were automatically concatenated using a rotor valve shift of 90 s.

Approximately 0.3 mg of each fraction were subjected to LC-MS/MS measurements via data-dependent acquisition (DDA).

Mass spectrometry

Peptides were measured using LC-MS instrumentation consisting of an Easy nanoflow HPLC system (Thermo Fisher Scientific, Bre-

men, Germany) coupled via a nanoelectrospray ion source (Thermo Fischer Scientific, Bremen, Germany) to a Q Exactive HF-Xmass
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spectrometer. Purified peptides were separated on a 50 cm C18 column (inner diameter 75 mm, 1.8 mm beads, Dr. Maisch GmbH,

Germany). Peptides from the tissue samples were loaded onto the column with buffer A (0.5% formic acid) and eluted with a 100 min

linear gradient increasing from 2-40% buffer B (80% acetonitrile, 0.5% formic acid). For the peptides from serum samples 45 min

linear gradient was used. After the gradient, the column was washed with 90% buffer B and re-equilibrated with buffer A.

Mass spectra were acquired in either DDA or DIA mode. For the pilot experiment where samples from six subjects were analyzed,

data for tissue samples was obtained in DDA while the serum data was acquired in DIA mode. For the main experiments, data for all

samples was acquired in DIA mode. For the pancreatic islets extract, the library samples were measured in DDAmode. For the DDA

method, themass spectra were acquiredwith automatic switching betweenMS andMS/MS using a top 15method.MS spectra were

acquired in the Orbitrap analyzer with a mass range of 300–1750 m/z and 60,000 resolutions at m/z 200 with a target of 33 106 ions

and a maximum injection time of 25 ms. HCD peptide fragments acquired at 27 normalized collision energy were analyzed at 15000

resolution in theOrbitrap analyzer with a target of 13 105 ions and amaximum injection time of 28ms. ADIAMSmethodwas used for

all tissue proteome measurements in which one full scan (300 to 1650m/z, resolution = 60,000 at 200m/z) at a target of 33 106 ions

was first performed, followed by 32 windows with a resolution of 30000 where precursor ions were fragmented with higher-energy

collisional dissociation (stepped collision energy 25%, 27.5%, 30%) and analyzed with an AGC target of 33 106 ions and maximum

injection time at 54 ms in profile mode using positive polarity. For the serum samples, a DIA MSmethod in which one full scan (300 to

1650m/z, resolution = 120,000 at 200m/z) at a target of 3 x 106 ions was first performed, followed by 22 windows with a resolution of

30000 where precursor ions were fragmented with higher-energy collisional dissociation (stepped collision energy 25%, 27.5%,

30%) and analyzed with an AGC target of 3 x 106 ions and maximum injection time at 54 ms in profile mode using positive polarity.

QUANTIFICATION AND STATISTICAL ANALYSIS

Data processing
Raw MS files from the experiments measured in the DDA mode (pancreatic islets library & tissue samples from pilot experiments)

were processed using MaxQuant.66 MS/MS spectra were searched by the Andromeda67 search engine (integrated into

MaxQuant) against the decoy UniProt-human database (downloaded in December 2017) with forward and reverse sequences.68

In the main Andromeda search precursor, mass and fragment mass were matched with an initial mass tolerance of 6 ppm and 20

ppm, respectively. The search included variable modifications of methionine oxidation and N-terminal acetylation and fixed modifi-

cation of carbamidomethyl cysteine. The false discovery rate (FDR) was estimated for peptides and proteins individually using a

target-decoy approach allowing a maximum of 1% false identifications from a revered sequence database. Raw files acquired in

the DIA mode were processed using Biognosys Spectronaut software version 13.69 A single peptide library was generated in Spec-

tronaut using the combined MaxQuant search results for the DDA runs from the pancreatic islets sample. The experimental DIA runs

were then analyzed in Spectronaut using default settings.

Computational analysis
We used precompiled gmt files containing collections of GO terms (C5 release September 19, 2020) and biological pathways for

KEGG and Reactome (C2 release September 19, 2020) from the molecular signatures database (MSigDB v7.2).70–74 The collection

of gmt files was initially used to compile a universe of unique gene names. For each quantified protein, DIA provides an ordered list of

UniProt identifiers and gene names ranked based on statistical confidence. The universe was used asmeans to decide on the unique

gene names that most accurately represent the quantified proteins. If one ormore identifiers from the ordered list intersected with the

universe then the first hit from the ordered list was selected, otherwise the first, andmost significant, of the three identifiers was used.

Raw data was log2-transformed to better approximate a normal distribution and proteins identified in at least 80% of the samples

were retained for downstream analysis (Table S1E). Abundancies of proteins corresponding to the same gene in each tissue were

averaged within samples. Samples with consistent large deviations from the median abundancies of all samples across tissues

were excluded from the analysis (Figure S1A and Table S1E) and normalization was performed using median sweeping

(Figures S1B and S1C). Missing protein levels were strongly biased for proteins located on the lower end of the detection limit (Fig-

ure S1D); hence, in order to impute themissing values, we selected amethod that draws random values from a truncated distribution

with parameters estimated from quantile regression (QRLIC) using the function impute.QRILC from the R package imputeLCMD

(Figure S1E).

Differential analysis
The differential analysis was performed on pairwise comparisons among CTRL, PD and T2D, and themerged groups CTRL + PD and

PD + T2D using the R package limma.75 The differential models were corrected for confounding factors explainingR1% of the me-

dian variance across proteins in at least one tissue (Table S1F).76 Raw p values were FDR-corrected to q-values, and they were sub-

sequently combined with the log-fold change (logFC) to compute p-values: p=logFC 3 -log10(q-value).
77,78

GO and pathway enrichment analysis
Lists of proteins ranked on p-values from the differential analysis were imported into the functions cameraPR and fgsea from the R

packages limma and fgsea, respectively. cameraPR was executed on default settings, while fgsea was set to perform 1,000,000
Cell Reports Medicine 3, 100763, October 18, 2022 e3
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permutations, and to consider only terms withR5 and%300 proteins. For both methods the enrichment of GO terms and biological

pathways was performed separately using the gmt files described above and the raw p-values were corrected for multiple testing

using the R package qvalue. As the collection of enriched GO terms and pathways the intersection of the significant terms

(q < 0.05) sharing the same direction of change in both methods was considered.

Enrichment analysis of biological terms for pre-defined sets of proteins identified only in one tissue (tissue-specific) and shared

among tissues (tissue-shared) was performed using a hypergeometric test. The background set for tissue-shared proteins was

the union of proteins identified across tissues, while as background set for tissue-specific proteins was used the collection of proteins

in the respective tissue. Sets withR5 and%300 proteins were retained, and p-values were corrected for multiple testing using the R

package qvalue.
e4 Cell Reports Medicine 3, 100763, October 18, 2022
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Figure S1: Quality control of MS proteomics data in each tissue. a) Median expression level of all proteins of 

each sample (x axis) against the interquartile range (IQR) of the expressed proteins in each sample (y axis). The 

dotted frame indicates ±3 standard deviations (SDs) from the average median of all samples and the average IQR 

of all samples, respectively. Labelled samples deviate more than 3 SDs from the averages. b) Distribution of raw 
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log2-transformed protein levels. Each line represents one sample. c) Distribution of median-shifted normalized 

protein levels. d) Distribution of the abundance of proteins with and without missing values. e) Distribution of 

protein abundancies after QRILC lower-tail imputation. f) The two first principal components (PCs) from the 

principal component analysis (PCA) that was performed on the normalized imputed dataset using the pca 

function from the R package pcaMethods with the selected method being “ppca”. g) The two first components 

from the uniform manifold approximation and projection (UMAP) that was performed on the normalized 

imputed dataset. The number of neighbors for UMAP was set to five. 
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Figure S2: Exploration of tissue-specific and tissue-shared proteins. a) Significantly enriched (q<0.05) GO 

terms for biological processes and biological pathways for proteins identified only in one tissue (tissue-specific). 

Columns represent tissues and rows represent enriched terms. Values in the parentheses of the terms mark the 

origin of the term: GO for gene ontology (GO) terms and PY for pathways. Terms representing pathways contain 

R or K as suffix to signify Reactome or KEGG pathways, respectively. A detailed list of the enriched terms is 

shown in (Table S1j). b-c) GO terms for biological processes for proteins shared among tissues (tissue-shared). 

b) Shows the number of enriched terms for each combination of tissues. c) Panels from left to right represent 

proteins shared exclusively among two, three, four and five tissues. Columns represent tissue combinations and 

rows represent enriched GO terms. Column names are abbreviations of the tissue names: VAT (V), liver (L), 

skeletal muscle (M), pancreatic islets (I) and serum (S). Values in the parentheses of the GO terms mark the 

panel(s) in which the term is enriched. 2 implies combinations of 2 tissues, 3 combination of 3 tissues and so on. 

A detailed list of the enriched terms is shown in (Table S1k). 
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Figure S3: Comparison and clustering of six samples that were analyzed in both pilot and main analyses. 

Pancreatic islets were excluded from the analysis due to low quality of four samples, which were consequently 

excluded from the main analysis. Samples included in this analysis are equally distributed between CTRL and 

T2D. Pilot study is marked as data-dependent acquisition (DDA) and the main one as data-independent 

acquisition (DIA). The data was log2-transformed and the set of shared top-500 most abundant proteins was 

analyzed. Batch effect was corrected using the function removeBatchEffect from the R package limma. 

a) Distribution of proteins in the pilot and main run after batch effect correction. b) Hierarchical clustering (HC) 

of DDA and DIA samples. DDA samples were marked with the suffix “pilot”. 1-r, where r is Pearson correlation 

coefficient, was used as the distance metric and the ward.D algorithm was used for the HC. 
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Figure S4: Investigation of the misclassified sample p42 from skeletal muscle. a) Zoom into the hierarchical 

clustering (HC) from (Figure 1c) for VAT and skeletal muscle. b) Number of the top 300 most abundant proteins 

shared between VAT and skeletal muscle that are closer to sample p42 from skeletal muscle. Proteins for each 

group defined from HC have been collapsed to the average of their respective groups. c) Top 10 most 

significantly enriched GO terms from the GO enrichment analysis performed on the lists of proteins of each 

group in b. d) Expression of the top 300 most abundant proteins shared between VAT and skeletal muscle. p42 

in skeletal muscle is shown independently while proteins from the other groups were collapsed to the average of 

the respective group. 
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Figure S5: Direction of change for curated groups of GO terms for significantly enriched biological 

processes (q<0.01). a-c) Panels represent pair-wise comparisons of phenotypes, columns represent tissues and 

rows represent curated groups of GO terms for biological processes. A combination of a triangle pointing 

upwards and a pink background color implies increase in the group, while those pointing downwards in 

combination with green background imply decrease. A graphic representation of the individual GO terms and as 

well as the curated groups is shown in (Figure 2), and detailed information on grouping and significance is 

shown in (Table S1m). 
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Figure S6: Distributions and similarities of enriched GO biological processes and biological pathways 

across tissues for pairwise comparisons of CTRL, PD, T2D, and their merged groups CTRL+PD and 

PD+T2D. a) Distribution of enriched GO biological processes (q<0.01) across curated groupings and pair-wise 

phenotype comparisons among CTRL, PD and T2D. For groups of GO biological processes from (Figure 2) the 

fraction of terms from tissues of origin was calculated. Details on the groups are shown in (Table S1m). 

b) Similarity of GO biological terms for pair-wise comparisons of CTRL, PD and T2D across tissues. The 

similarity analysis was performed on sets of enriched GO biological processes (q<0.01) using the function 

mgoSim from the R package GOSemSim to obtain a combined similarity score with parameters 

measure="Wang" and combine="BMA". c) Distribution of enriched biological pathways at 5% FDR 

corresponding to (Figure 3 and Table S1n). 
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Figure S7: Selected groups of enriched biological pathways (q≤0.05) for comparisons of the merged 

groups of CTRL+PD and PD+T2D to T2D and CTRL, respectively. The plot contains an identical set to the 

one shown in (Figure 3). Colored triangles indicate statistical significance (q<0.05) and direction. Rows 

represent pathways, panels represent pair-wise comparisons and columns within panels represent tissues. The 

database of origin for each pathway is noted with a suffix R or K implying Reactome or KEGG, respectively. A 

full list of enriched pathways is shown in (Table S1n). Sterol regulatory element binding proteins have been 

abbreviated as SREBP and Glycoprotein Ib-IX-V has been abbreviated as GP1b-IX-V. 
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Figure S8: Aggregated count of significance and enrichment direction of GO terms and biological 

pathways before and after exclusion of the three subjects from CTRL that were administered insulin 

while in ICU. Each tile represents count of significance and direction of enrichment of biological pathways and 

GO terms between the original and the recomputed set of results after exclusion of the three subjects from CTRL 

that were administered insulin while in ICU. X-axis represents GO terms and pathways from the original 

analysis, and y-axis represents GO terms and pathways from the analysis excluding these three subjects. Labels 
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in both axes are named after A_B, where “A” represents significance (S) or Non-Significance (NS), and “B” 

represents enrichment direction Up or Down. 
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Figure S9: Details on levels of proteins for TCA cycle and pyruvate metabolism in VAT and skeletal 

muscle for T2D and CTRL. a-b) The two boxplots display differences in expression levels in a) VAT and 

b) skeletal muscle samples between CTRL and T2D. ***: π≤2.1281, **: π≤1.1733, *: π≤0.6274, #: π≤0.4292, 

##: π≤0.2572, ns: π>0.2572. c-d) The two bottom plots illustrate the overall trend of changes in expression of 

proteins characterized as driving for the TCA cycle and pyruvate metabolism pathway across CTRL, PD and 

T2D in c) VAT and d) skeletal muscle. Dots show average protein expression and a black circle around dots 

marks the outcomes that are being compared in the current example. Lines are used to mark alterations across 

phenotypes for a given protein. 
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Figure S10: Details on levels of proteins for oxidative phosphorylation, ATP synthesis by chemiosmotic 

coupling, and heat production by uncoupling proteins in VAT and skeletal muscle for T2D and CTRL. 

a-b) Boxplot and heatmap were stratified based on mitochondrial protein complexes. Mitochondrial complexes 

were obtained from the HUGO database (group 639) release January 31, 2021. a) Boxplots display differences in 

expression levels in VAT and skeletal muscle samples between CTRL and T2D. ***: π≤2.1281, **: π≤1.1733, *: 

π≤0.6274, #: π≤0.4292, ##: π≤0.2572, ns: π>0.2572. b) Heatmap shows log-fold change of proteins identified in 

VAT and skeletal muscle. Black dots mark driving proteins in altering the pathway. Grey tiles mark non 

identified proteins in the respective tissue. c-d) Overall trend of changes in expression of proteins characterized 

as driving for the oxidative phosphorylation, ATP synthesis by chemiosmotic coupling, and heat production by 

uncoupling proteins pathway across CTRL, PD and T2D for c) VAT and d) skeletal muscle. Dots show average 

protein expression and a black circle around dots marks the outcomes that are being compared in the current 

example. Lines are used to mark alterations across phenotypes for a given protein. 
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Figure S11: Overall trend of changes in expression of proteins characterized as driving for the cholesterol 

biosynthesis pathway in liver across CTRL, PD and T2D. Dots show average protein expression and a black 

circle around dots marks the outcomes that are being compared in the current example. Lines are used to mark 

alterations across phenotypes for a given protein. 
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Figure S12: Details on levels of proteins for hemostasis in pancreatic islets for PD and CTRL. 

a) Differences in expression levels between CTRL and PD. ***: π≤2.1281, **: π≤1.1733, *: π≤0.6274, #: 

π≤0.4292, ##: π≤0.2572, ns: π>0.2572. b) Overall trend of changes in expression of proteins characterized as 

driving for the hemostasis pathway in pancreatic islets across CTRL, PD and T2D. Dots show average protein 

expression and a black circle around dots marks the outcomes that are being compared in the current example. 

Lines are used to mark alterations across phenotypes for a given protein. 
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Figure S13: Details on levels of proteins for complement cascade in liver and pancreatic islets for PD and 

CTRL. a-b) The boxplots display differences in expression levels from a) liver and b) pancreatic islets samples 

between CTRL and PD. ***: π≤2.1281, **: π≤1.1733, *: π≤0.6274, #: π≤0.4292, ##: π≤0.2572, ns: π>0.2572. 

c-d) Overall trend of changes in expression of proteins characterized as driving for the complement cascade 

pathway across CTRL, PD and T2D in c) liver and d) pancreatic islets. Dots show average protein expression 

and a black circle around dots marks the outcomes that are being compared in the current example. Lines are 

used to mark alterations across phenotypes for a given protein. 
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