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a b s t r a c t
Aim: Heparin administration affects the concentrations of many plasma proteins through their displacement
from the endothelial glycocalyx. A differentiated protein response in diabetes will therefore, at least partly, reﬂect
glycocalyx changes. This study aims at identifying biomarkers of endothelial dysfunction in diabetes by statistical
exploration of plasma proteome data for interactions between diabetes status and heparin treatment.
Methods: Diabetes-by-heparin interactions in relation to protein levels were inspected by regression modelling in
plasma proteome data from 497 patients admitted for acute angiography. Analyses were conducted separately
for all 273 proteins and as set-based analyses of 44 heparin-relevant proteins identiﬁed by gene ontology analysis
and 42 heparin-inﬂuenced proteins previously reported.
Results: Seventy-ﬁve patients had diabetes and 361 received heparin before hospitalization. The proteome-wide
analysis displayed no proteins with diabetes-heparin interaction to pass correction for multiple testing. The overall set-based analyses revealed signiﬁcant association for both protein sets (p-values<2*10−4), while
constraining on opposite directions of effect in diabetics and none-diabetics was insigniﬁcant (p-values = 0.11
and 0.17).
Conclusions: Our plasma proteome-wide interaction approach supports that diabetes inﬂuences heparin effects
on protein levels, however the direction of effects and individual proteins could not be deﬁnitively pinpointed,
likely reﬂecting a complex protein-basis for glycocalyx dysfunction in diabetes.
© 2021 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
The vascular endothelium is an important multifunctional tissue and
is essential for the modulation of vascular function and structure and
Abbreviations: FDR, false discovery rate; GO, Gene Ontology.
Declaration of competing interest: None.
⁎ Corresponding author at: Epidemiology, Biostatistics and Biodemography,
Department of Public Health, University of Southern Denmark, J.B. Winsløws Vej 9B,
5000 Odense C, Denmark.
E-mail addresses: msoerensen@health.sdu.dk (M. Soerensen),
bdebrabant@health.sdu.dk (B. Debrabant), uhalekoh@health.sdu.dk (U. Halekoh),
jacob.moeller1@rsyd.dk (J.E. Møller), hassager@dadlnet.dk (C. Hassager),
martin.steen.frydland.01@regionh.dk (M. Frydland), JHjelmborg@health.sdu.dk
(J. Hjelmborg), hans.christian.beck@rsyd.dk (H.C. Beck), lars.melholt.rasmussen@rsyd.dk
(L.M. Rasmussen).
1
These authors contributed equally to the work.

consequently the general homeostasis of the body.1 Lining the luminal
side of the vascular endothelium, the endothelial glycocalyx serves as
a permeability barrier shielding the vascular wall from direct exposure
to the blood ﬂow, yet it is also important for signalling between the
endothelial cells and the intravascular lumen.2 The glycocalyx is constituted of a mixture of mostly glycoproteins, glycolipids and highly
negatively charged membrane-bound proteoglycans, consisting of
glycosaminoglycan, for example heparan sulphate. In case the structure
of the glycocalyx is disrupted, it might lead to an increased permeability
and consequently to exposure of the endothelial cells, e.g. increased
inﬂammation3 and subsequently vascular complications to diseases
such as hypertension, chronic kidney disease and diabetes.4–6
Of speciﬁc relevance to diabetes, Deckert et al. thirty-one years ago
formulated the Steno hypothesis7 stating that the albuminuria and
vascular dysfunction observed in diabetes patients could be due to a

https://doi.org/10.1016/j.jdiacomp.2021.107906
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was 9.58 mmol/l (standard deviation (SD) = 4.53, N = 399), while
it was 8.91 mmol/l (SD = 3.87, N = 332) for the non-diabetics
and 12.9 mmol/l (SD = 5.96, N = 67) for the diabetics. The clinical characteristics included in the present study can be seen in Table 1, while additional available clinical information for the study population can be
found in the Supplementary Table 1 of the Supplementary Material.
Just prior to the coronary angiography procedure, a standard blood sample and an EDTA blood sample were collected and from the latter
plasma were obtained after centrifugation. The plasma samples were
used for proteomic analysis: all details related to sample preparation,
labelling with mass tags, fractionation of tagged peptides, nano LC-MS/
MS analysis and protein identiﬁcation are described in Beck et al.
201810 and the proteome data can be found via ProteomeXchange
with identiﬁer PXD008468[dataset, 13]. Protein measurements are given
as ratios of the actual amount of protein in a plasma sample to the
average amount in a calibrator-plasma-pool generated from patients,
who did not receive heparin, as described in detail by Beck et al.
2018.10 The study was approved by the local ethics committee for Region
Hovedstaden (Capital Region of Denmark) (approval H-2-2014-110)
and the study was conducted in accordance with the Declaration of
Helsinki. Informed consent was obtained from all patients or their next
of kin, as well as the patient's general practitioner, in agreement with
Danish legislation.

generalised reduction of negative charges of the extracellular matrix
and plasma membranes, as a result of the loss of heparan sulphate
(an important component of the glycocalyx), leading to changes in permeability of the vascular endothelium. Since then, molecular aspects of
endothelial dysfunction in diabetes patients have been studied intensively, including the endothelial glycocalyx and its connection to aspects
concerning oxidative stress, the role of nitric oxide and changes in
inﬂammatory and vasomotoric processes.8 Regarding glycocalyx disintegration, diabetes patients have been reported to have lower glycocalyx volume as compared to controls4 and the disruption of the
glycocalyx and factors potentially maintaining its stability and repair
have been suggested as an important aspect of the cardiovascular complications in diabetes.6 Good clinical markers for the putative effect of
diabetes on glycocalyx and endothelial cell function are, however,
unfortunately largely absent.
Several studies have shown that heparin injection (a widely used
anticoagulant for treatment of among others thrombosis) acutely affects
the concentrations of many of the proteins measured in blood
samples,9,10 as heparin competes with the binding of these proteins to
proteoglycans in the endothelial glycocalyx, washing them into the
circulation.11 The plasma concentration of such proteins after heparin
administration does therefore partly reﬂect the state of the glycocalyx
and will change in situations with altered glycocalyx-binding capacity.
As stated above, glycocalyx changes have been suggested, as part of
the general endothelial dysfunction in diabetes8 and we therefore
hypothesize that the presence of diabetes interacts with the effect of
heparin on plasma proteins, and that proteins which display signiﬁcance
for such interaction term (between diabetes and heparin treatment)
may be putative biomarkers for endothelial dysfunction.
Consequently, the aim of the present study was to investigate
whether diabetes status modiﬁes the heparin induced protein shedding
from the glycocalyx. For this aim, proteome data derived from plasma
samples taken from 497 patients admitted for acute angiography,12 of
which some were treated with heparin before hospitalization and
some had known diabetes, were investigated; the modifying effect of
diabetes on the association between heparin treatment and protein
levels was investigated by protein-wise regression analysis including
an interaction term between heparin and diabetes. Furthermore, setbased analyses were applied to proteins with known relation to the
glycocalyx to search for consistent interaction within the combined
sets. Especially, we considered proteins identiﬁed by Gene Ontology
(GO) terms as related to heparin and proteins for which the level has
previously been found to change after heparin treatment in longitudinal
studies.10 Finally, we applied model selection to predict the presence of
heparin based on multiple proteins and investigated whether proteindiabetes interactions contributed to the prediction.
Hence, this study aimed at identifying proteins related to the glycocalyx of speciﬁc relevance to diabetes patients holding heart complications and hence point to markers for endothelial injury in such patients.

2.2. Preparation and imputation of data
Initially measurements were available for 723 proteins. Outlying
values, deﬁned as protein measurements >80, were set to be missing
values and proteins with a call rate < 50% were excluded, leaving 273 proteins for analysis. The data for these 273 proteins were log-transformed
and missing values were imputed based on observations from other proteins. The number of imputations was set to ﬁve. Finally, measurements
were standardized for each protein using the observed standard deviation
and mean (average over the different imputations). Correspondingly,
multiple imputation was conducted to produce ﬁve imputations for
missing clinical data.
2.3. Identiﬁcation of proteomic feature sets for set-based analyses
With the aim to investigate proteins of speciﬁc relevance for heparin
binding and hence shredding from the glycocalyx, we performed two
types of set-based analyses of subsets of proteins, i.e. proteins identiﬁed
as relevant via search for Gene Ontology (GO) terms or proteins associated with heparin in an earlier study of 9 individuals, who had been
followed longitudinally after heparin treatment.10
2.3.1. Proteins identiﬁed via Gene Ontology terms related to heparin or
heparan binding
A search in the GO database14 and the QuickGo database15 with the
search term ‘heparin’ revealed three GO terms related to either heparin
binding (GO:0008201), heparan sulfate binding (GO:1904399) or heparan sulfate proteoglycan binding (GO:0043395). The three GO terms
contained 193, 5 and 21 protein annotations for Homo sapiens,

2. Subjects, materials and methods
2.1. The study population and proteome data
The study population included 550 participants randomly selected
from the Prediction and Risk assEsment in patients aDmitted to aCute
coronary angiography and developmenT of Cardiogenic Shock (PREDICT-CS) study12 admitted to Odense University Hospital for urgent
coronary angiography with suspected ST-elevation myocardial infarction. From ambulance and patient ﬁles it was possible to obtain the
clinical characteristics relevant for the present study for 497 patients;
361 (72.6%) had received heparin treatment before admission to the
hospital and 75 (15.1%) patients were known to have diabetes. Of
these, 4 patients (5.3%) had diabetes type 1, 69 patients (92%) had
diabetes type 2 and 2 patients (2.7%) were registered as unknown
type of diabetes. The average blood glucose level of the study population

Table 1
Clinical characteristics of the study population.
Study population
No. individuals
Males (%)
Mean age (SD)
Mean body mass index (SD)
Diabetes (%)
Heparin treatment before hospitalization (%)
Note: No.: number of, SD: standard deviation.
2

497
354 (71.2)
64.44 (13.96)
26.79 (4.63)
75 (15.1)
361 (72.6)
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there is an interaction for some of the proteins and it is such that diabetes
weakens or reverses the effect of heparin on the proteins of the sets. The
general hypothesis assumes no speciﬁc directions of effect for the proteins,
while the directed hypothesis addresses proteins for which the effect of
heparin on protein levels differs between diabetic and non-diabetic individuals in a way that the effect of heparin is weakened or reversed in diabetics compared to non-diabetics. That is, the directed alternative captures
especially proteins behaving such that heparin either increases protein
levels in non-diabetics but there is less of an increase or even a descent
in diabetic patients, or such that heparin decreases protein levels in nondiabetics but the decrease is less, absent or even an increase in diabetic
patients (cf. in theory administration of heparin increases protein levels
and this effect is expected to be more pronounced in none-diabetics, yet
in order to not exclude relevant opposite effects both were included in
the directed hypothesis).
To test the general alternative, we used Fisher's combined p-value21
as test statistic, that is T general ¼ −2∑i log ðpi Þ, where i ranges over the
proteins of the feature set and pi denotes the p-value for the interaction
term from the univariate regression modelling of the i-th proteins. For
the second alternative, we considered the number of proteins whose
estimated interaction effect is directed opposite to the estimated main
effect of heparin in the univariate regression model as a test statistic
Tdirected. The second test statistic is intended to be more tailored to the
directed alternative.
Since the proteomic features in our dataset are correlated, null distributions were simulated for both test statistics. Especially, we applied
parametric bootstrapping by ﬁrstly ﬁtting the null model for each of
the 273 proteins separately, determining corresponding effect estimates, calculating residuals (averaged over the ﬁve imputations) and
estimating their covariance matrix Σ. (The matrix Σ is of dimension
273 × 273 and its elements eij, 1 ≤ i,j ≤ 273, are the co-variances between
the residuals from two proteins i and j.) Secondly, in the bootstrapping
approach, we simulated new protein responses in a multivariate
manner using the previously estimated subject- and protein-speciﬁc
means together with residuals simulated from a centred multivariate
normal distribution with the estimated covariance matrix Σ. Our
bootstrapping approach from a multivariate normal distribution preserves the correlation structure of the proteomic features, and the association between any of the proteins and the covariates diabetes, heparin
as well as age, sex and BMI, but any interactions between diabetes and
heparin are dissolved in the bootstrapped samples. The described
bootstrapping approach extends approaches for interaction testing of
univariate data presented in Buzkova 201622 to pathway test-statistics
based on interaction terms. Null distributions were based on 5000
bootstrap-repeats and p-values are one-sided and were calculated as
proportion of bootstrap-repeats with a test-statistic larger than or
equal to the observed test-statistic. In cases where the bootstrap teststatistic did not exceed the observed test-statistic for any of the bootstrap repeats, we reported p < 1/5000 = 2*10−4.

respectively. These annotations were veriﬁed using the STRING
database16 and corresponded to 182 unique human proteins. The overlap with the 273 proteins of the proteome dataset of the present study
was investigated, leading to 44 proteins (see Supplementary Table 2),
which were used for the sub-analysis in the set-based analyses (see
below).
2.3.2. Proteins previously shown to be associated with heparin in a
longitudinal study
We selected proteins that have been shown to be associated with
heparin in an earlier study of 9 patients admitted to acute coronary
angiography.10 Especially, the study assessed the effect of heparin 2,
15 and 60 min after heparin administration and compared protein
levels after administration with baseline levels for each time point and
each protein.10 Based on p-values from this previous study, for our
article we calculated false discovery rates (FDR)17 considering all three
time points and all proteins jointly. We identiﬁed those 64 proteins
that reached an FDR ≤ 0.05. Only 42 proteins overlapped with the
proteins of this study and formed the basis for the set-based analysis
(see Supplementary Table 3).
2.4. Statistical analyses
We studied the association of protein levels with diabetes and
heparin by univariate, as well as set-based analyses. Our main interest
focused on the interaction between diabetes and heparin relative to
proteins, that is, we hypothesized that presence of diabetes changes
the effect of heparin (or vice versa that heparin changes the impact of
diabetes) on protein levels. Finally, we embedded our research question
into the context of predicting heparin administration using multiproteomics-interaction-modelling and investigated whether diabetes
changes the way in which proteins predict heparin. Diabetes and heparin
were used as dichotomous variables corresponding to the presence of
diabetes (yes/no) and the administration of heparin (yes/no).
2.4.1. Univariate regression modelling
For each protein separately, we regressed protein levels on diabetes
and heparin including an interaction term in the model. Further
covariates were age, sex and body mass index (BMI). Effect estimates
from the ﬁve imputations are combined according to Rubin's formula.18
Reported p-values correspond to the null hypothesis of no interaction.
Reported coefﬁcients correspond to initially log-transformed and standardized protein levels (cp. Section 2.2. Preparation and imputation of
data). The log-transformation is intended to improve normality assumptions underlying regression-based testing. Correction for multiple
testing was conducted by the Benjamini-Hochberg method17 obtaining
FDR corrected p values. A cut-off of 0.05 was used in order to declare a
protein to be a ﬁnding. For selected proteins, marginal effects, i.e. the
expected difference in outcome between diabetic and non-diabetic
patients while holding the other variables unchanged, were plotted
depending on heparin administration.

2.4.3. Multi-proteomics-interaction-modelling
Finally, we applied penalized regression methods for
high-dimensional data to derive a model in which several proteins
act together. Since high-dimensional protein data is inappropriate as
multivariate outcome and since administration of heparin is reﬂected
by proteins, we considered heparin as binary outcome variable. Using
model selection with diabetes, age, sex and BMI, all proteins as well as
all pairwise diabetes-protein interactions as potential predictors, our
research question was transferred into the question, whether diabetesprotein interactions contribute to the prediction, i.e. Does diabetes
change the way in which proteins predict administration of heparin?
For model selection, we used LASSO logistic regression together with
stability selection as described in Meinshausen et al.23 and the improved
sampling approach as described in Shah et al.24 Stability selection
selects predictors contributing consistently in repeated subsamples
and thereby controls the expected number of potential noise variables

2.4.2. Set-based analyses
Next, we tested the interaction hypothesis considering sets of proteomic features. This comprises two advantages. Firstly, it circumvents the
multiple testing problem when testing single feature sets in a conﬁrmatory way instead of hundreds of individual proteins. Moreover, when
several proteins are considered jointly, individual minor effect sizes
could jointly create evidence against the null hypothesis H0 of no interaction in any of the proteins of the set. Apart from our focus on interaction, similar set-based tests are known from gene set analysis, which is
widely applied to especially genome-wide association studies and
genome-wide gene-expression data.19,20
We considered two alternative hypotheses: the general alternative
Ha;general stating that an interaction is present for at least one of the proteins of the set, and the more directed alternative Ha;directed stating that
3
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high) and Tdirected = 32 (P = 0.11) for the set of the 44 proteins identiﬁed
via the Gene Ontology database, as well as Tgeneral = 92.6 (P < 2*10−4)
and Tdirected = 31 (P = 0.17) for the 42 proteins from the previous
study of (Beck et al. 2018).10

(variables with low selection probability) chosen into the model. For
each predictor, its selection frequency describes for how many subsamples a predictor was chosen, which can be used as a measure of variable
importance. The variables diabetes, age, sex and BMI were forced into all
models and did not undergo selection.
To incorporate the ﬁve different imputations, we applied stability
selection to each imputation separately and used the average of the
ﬁve selection frequencies. We further used the following parameters:
50 random complementary pairs of subsamples (which is default in
stability selection), a cut-off of 0.6 for the selection frequency, and an
upper bound for the expected number of low selection probability
variables of 1. These values correspond to an average of 14 selected
variables for the subsample-individual models.
After model selection, we ﬁtted an ordinary logistic regression
model using the selected predictors and reported the corresponding
area under the curve (AUC) as a performance measure.
All analyses were done in R version 3.6.0 together with the packages
Amelia version 1.7.5, mice version 3.6.0, stabs version 0.6–3, glmnet
version 2.0–18, pROC version 1.14.0, interplot version 0.2.2.25–31

3.3. Multi-proteomics-interaction-modelling
The model selection procedure yielded the following ﬁve proteins to
consistently predict, whether heparin had been administered to a patient:
C\\C motif chemokine 5, C\\C motif chemokine 28, follistatin, midkine
and pleiotrophin (see Supplementary Table 5 for details). The model
achieved an AUC of 0.92 in the same dataset corresponding to an excellent
prediction performance of heparin. No protein-diabetes interaction was
consistently contributing to the prediction of heparin, that is, diabetes
did not modify the proteins' effects in the prediction model.
4. Discussion
In this study, we aimed at the identiﬁcation of proteins, whose association with diabetes status and heparin treatment exhibit an interaction, i.e. proteins for which the release from the endothelial glycocalyx
due to heparin treatment is changed by diabetes status. Such proteins
could be highly relevant as candidates for diabetes related endothelial
glycocalyx dysfunction. We do, however, not observe individual proteins with signiﬁcant interaction (i.e. with FDR < 0.05) in the univariate
analyses after taking multiple testing into account (see Table 2),
nor identify proteins for which the interaction with diabetes predicts
heparin treatment in a composite manner in the multi-proteomicsinteraction analysis (see Supplementary Table 5). We do, nonetheless,
ﬁnd consistent interactions in the general set-based analyses (i.e. p <
2*10−4), indicating that some of the heparin-binding proteins identiﬁed
via the GO database, as well as some of the proteins identiﬁed to change
in level after heparin treatment in the previous study of Beck et al.
2018,10 do respond differently to heparin administration with diabetes,
supporting our hypothesis and potentially shedding light onto new
mechanisms behind endothelial glycocalyx dysfunction. However, as
the directed set-based analysis was not signiﬁcant (p > 0.05), we cannot
derive the speciﬁc direction of effect of these interactions in the present
study.
Several of the seven proteins observed to have nominally signiﬁcant
interactions (i.e. P_interact<0.05, see Table 2) in the univariate analysis

3. Results
3.1. Results of univariate analysis
The clinical characteristics of the 497 study patients are displayed in
Table 1. The results of the regression analysis of all 273 proteins can be
found in Supplementary Table 4: none of the proteins showed a signiﬁcant interaction between heparin and diabetes after correction for multiple testing (i.e. FDR_interact >0.05).
Table 2 contains a list of the 20 proteins with the lowest interaction
p-values; and as seen, seven proteins displayed a non-signiﬁcant p value
for the interaction term <0.05: lipoprotein lipase, protein AMBP, complement C4\\B, agrin, histidine-rich glycoprotein, kininogen-1 and isoform 2 of SPARC-related modular calcium-binding protein 1. Plots of
the marginal effects of these 7 proteins are displayed in Supplementary
Fig. 1 of the Supplementary Material.
3.2. Set-based analyses
For the set-based analysis, we obtained Tgeneral = 96.2 (P < 2*10−4,
i.e. none of the 5000 simulation reached a test-statistic at least this
Table 2
Top 20 proteins from univariate analysis.
Protein identiﬁer

Protein name

diabetes

heparin

diabetes.heparin

P_diab_total

P_hep_total

P_interact

FDR_interact

P06858
P02760
P0C0L5
O00468
P04196
P01042
Q9H4F8_2

Lipoprotein lipase
Protein AMBP
Complement C4-B
Agrin
Histidine-rich glycoprotein
Kininogen-1
Isoform 2 of SPARC-related modular
calcium-binding protein 1
Ig gamma-3 chain C region
Ig lambda chain V\
\I region BL2
Isoform 3 of Podocan
Ig heavy chain V\
\I region V35
Laminin subunit alpha-5
Pleiotrophin
C-X-C motif chemokine 14
Ig gamma-1 chain C region
Histone H2B type 1-M
Antithrombin-III
Ig kappa chain V-II region RPMI 6410
Tissue factor pathway inhibitor
Gremlin-2

0.2
0.79
0.43
−0.22
0.16
0.078
0.3

1.3
0.25
−0.27
0.12
0.79
0.94
1

−0.58
−0.72
−0.69
0.6
−0.58
−0.53
−0.5

7.18e-03
2.73e-03
4.66e-02
3.42e-02
1.47e-02
6.84e-03
1.17e-01

3.88e-48
1.37e-02
6.18e-05
5.62e-03
4.18e-12
1.71e-19
5.34e-23

7.99e-03
8.64e-03
1.10e-02
2.57e-02
2.81e-02
3.17e-02
3.91e-02

0.99
0.99
0.99
0.99
0.99
0.99
0.99

−0.48
0.1
0.26
−0.39
0.35
0.14
0.19
0.45
−0.17
0.2
0.24
0.18
0.25

−0.28
−0.25
0.75
−0.32
0.84
1.5
1.2
−0.33
−0.51
1.3
−0.27
1.3
0.94

0.58
−0.52
−0.49
0.49
−0.51
−0.37
−0.42
−0.45
0.45
−0.36
−0.42
−0.35
−0.42

1.08e-01
3.16e-02
1.45e-01
1.75e-01
2.27e-01
1.33e-01
1.74e-01
1.34e-01
1.56e-01
2.66e-01
2.71e-01
2.83e-01
2.69e-01

3.24e-02
4.02e-04
3.05e-11
1.53e-02
1.05e-09
1.64e-64
7.77e-28
5.56e-05
5.06e-05
1.56e-48
9.15e-04
4.85e-45
1.08e-15

5.04e-02
5.50e-02
5.87e-02
6.45e-02
6.46e-02
8.23e-02
8.75e-02
1.00e-01
1.04e-01
1.08e-01
1.16e-01
1.20e-01
1.23e-01

0.99
0.99
0.99
0.99
0.99
0.99
0.99
0.99
0.99
0.99
0.99
0.99
0.99

P01860
P06316
Q7Z5L7_3
P23083
O15230
P21246
O95715
P01857
Q99879
P01008
P06310
P10646
Q9H772

Note: diabetes, heparin, diabetes_heparin are the estimated effects of diabetes, heparin and the interaction of both from the protein-wise regression model with log-transformed and standardized protein levels as outcome. P_interact and FDR_interact correspond to the signiﬁcance of the interaction effect. P_diab_total and P_hep_total are p-values from the Wald tests of
the two joint hypotheses H0: diabetes = diabetes_heparin = 0 (no effect of diabetes) and H0: heparin = diabetes_heparin = 0 (no effect of diabetes).
4
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be pinpointed. This ﬁnding likely indicates that the effect of the
heparin and diabetes interaction relative to the individual proteins,
contributing to the combined sets, might be of different magnitudes
and directions and that the protein-basis of endothelial dysfunction
is likely complex.
The strengths of the present study are ﬁrst of all the statistical
approach deciphering the mediating inﬂuence of diabetes on the heparin
effect on protein levels, as well as the proteome-wide data enabling a
hypothesis-free identiﬁcation of novel protein candidates. One limitation
is, however, that the present dataset does not hold detailed information
on when the heparin treatment was given. Consequently, we might have
some variation in the time from heparin treatment to blood sampling
and as this time duration is known to affect the level of plasma
proteins,10 this might have inﬂuenced the results obtained. The dataset
does, however, hold information on time from diagnosis to coronary
angiography, which likely could reﬂect time from heparin treatment to
blood sampling in most cases. In general, the distribution of this time
span was rather similar for the majority of individuals, whom received
heparin: 95% of the individuals who received heparin had a time from
diagnosis to coronary angiography below 3.2 h (data not shown). Finally,
one might also speculate that the dose of heparin given could affect
the results obtained in the present study. Yet, the patients of the study
population were given a standard dose of 5000 U heparin, hence the
heparin dose mostly likely does not inﬂuence the results obtained.
Furthermore, the present study population is composed of diabetes
patients who were all admitted to the hospital due to acute coronary
angiography. Moreover, the large part of the patients were diabetes
type 2 patients (92%). Therefore, the results obtained here might not be
generalizable to all diabetic patients and future studies applying the
present statistical models in such cohort would be favourable. Finally,
one could speculate that in addition to exploration of diabetes-related
endothelial dysfunction, as investigated in the present study, analyses
of additional phenotypes of relevance to vascular endothelial dysfunction
in general, such as dyslipidemia, could bring forward potential protein
biomarkers. Such analyses are, however, out of scope given our focus
on diabetes-related endothelial dysfunction and would furthermore,
increase the number of statistical tests and potentially impose a
power problem. Nonetheless, future studies applying the present
type of statistical approach to such phenotypes in other study populations are warranted.
In conclusion, the ﬁndings are compatible with the notion that
diabetes interacts with the effect of heparin on the plasma proteome,
probably due to glycocalyx alterations. Moreover, the present study
points to several proteins as potential candidates for such endothelial
glycocalyx dysfunction, including proteins related to vascular function.
Furthermore, the study points to the use of statistical interaction models
to decipher complex biological interactions, which could result in
important new knowledge regarding the biology of endothelial dysfunction in diabetes. Nonetheless, additional studies are needed to validate and conﬁrm these ﬁndings, and to further explore which individual
protein might be candidates as a novel biomarker. In any case, the
present study brings promise for future studies of protein biomarkers
of endothelial dysfunction.

are well-known plasma proteins, which are directly relevant for endothelium or glycocalyx function or heparin biology. Lipoprotein
lipase (LPL) plays among others a key role in lipid clearance from the
blood stream and is known to be recruited to the luminal surface of the
vascular endothelium by heparan sulfate proteoglycans.32 Histidine-rich
glycoprotein (HRG) is a plasma glycoprotein with diverse functions
including coagulation, ﬁbrinolysis, cell chemotaxis, cell adhesion, angiogenesis and immune complex and pathogen clearance.33,34 The activity
of HRG is regulated by heparin and heparan sulfate and of speciﬁc relevance for endothelial cells HRG has protective effects on vascular barrier
function.35 Furthermore, the agrin protein is a heparan sulphate basal
lamina glycoprotein, which is involved in the formation and the maintenance of neuromuscular junctions especially relevant for postsynaptic differentiation, and its isoforms 3 and 6 are muscle speciﬁc and involved in
endothelial cell differentiation.34 Lastly, two of the seven proteins have
been reported to affect vascular permeability; high molecular weight
kininogen, an isoform of kininogen-1, and the C4a anaphylatoxin, derived
from proteolytic degradation of complement C4.36,37 Hence, these proteins appear to relate different aspects of vascular endothelium function
and heparin biology. Performing a post hoc gene enrichment analysis
with the MSigDB tool (http://www.gsea-msigdb.org) revealed the gene
set ‘Complements and coagulation cascades’ (KEGG hsa04610) to be signiﬁcantly enriched (FDR corrected p-value <0.05), hence supporting a
role in vascular function. Furthermore, of the seven nominal signiﬁcant
proteins, kininogen-1, complement C4\\B and LPL have been reported
to associate to diabetes,38–40 while kininogen-1 and agrin have been
linked to diabetic nephropathy41,42 and protein AMBP and LPL have
been linked to diabetic albuminuria43 and diabetic dyslipidaemia,44
respectively. Thus, the indications, that these heparin-inﬂuenced
proteins may be of interest in relation to diabetes make sense from a
biological point of view and the lack of signiﬁcant ﬁndings in our
univariate analysis in the present study may simply be due to lack of
statistical power, as both proteome-wide (multiple) hypothesis testing,
as well as testing effect modiﬁcation (i.e. interactions) require a large
sample sizes.
Interestingly, out of the seven proteins, which were nominal signiﬁcant in the univariate analysis, LPL, HGR, agrin and kininogen-1 were
also identiﬁed in the GO database search of the present study, and LPL,
HGR and kininogen-1 were found to change in level after heparin treatment in the previous study by Beck et al.10 Consequently, these proteins
were among the proteins investigated in the set-based analyses. Furthermore, both sets of heparin-relevant proteins investigated in the set-based
analyses also included amine oxidase, midkine, antithrombin-III, complement factor H, follistatin, pleiotrophin and secreted frizzled-related
protein 1. These seven proteins also revealed the ‘Complements and
coagulation cascades’ as signiﬁcant (FDR corrected p-value <0.05),
therefore, reﬂecting a role in cardiovascular function. Moreover, of
these proteins follistatin, an inhibitor of follicle-stimulating hormone
production and release, has been linked to diabetes,45 while pleiotrophin,
a heparin binding protein affecting among others processes like endothelial cell migration and cell growth and survival, has been reported
for diabetic retinopathy.46 Moreover, complement factor H, a glycoprotein essential for immune response via its role in complement activation, has been associated to insulin resistance47 and antithrombin-III,
a plasma protase inhibitor involved in regulation of the blood coagulation cascade, has been linked to diabetic retinopathy or nephropathy.48
These proteins did together with the remaining heparin-relevant
proteins (see Supplementary Tables 2 and 3) reveal signiﬁcance in
the general set-based analysis, i.e. the analysis reﬂecting interaction
between diabetes and heparin for at least one protein. Yet, the
directed set-based analysis, which reﬂected that diabetes weakens
or reverses the effect of heparin on protein and hence theoretically
best reﬂects glycocalyx endothelia dysfunction, did not show signiﬁcant
association (i.e. p > 0.05). Hence, the set-based analyses of the present
study indicate that the proteins of the investigated sets are relevant
for endothelia dysfunction, yet the speciﬁc direction of effect cannot
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