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Abstract
Aim—Fibrosis is one postulated pathway by which diabetes produces cardiac and other
systemic complications. Our aim was to determine which metabolic parameters are associated
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with circulating fibrosis-related biomarkers transforming growth factor-β (TGF-β) and procollagen
type III N-terminal propeptide (PIIINP).
Methods—We used linear regression to determine the cross-sectional associations of diverse
metabolic parameters, including fasting glucose, fasting insulin, body mass index, fatty acid
binding protein 4, and non-esterified fatty acids, with circulating levels of TGF-β (n = 1,559) and
PIIINP (n = 3,024) among community-living older adults in the Cardiovascular Health Study.
Results—Among the main metabolic parameters we examined, only fasting glucose was
associated with TGF-β (P = 0.03). In contrast, multiple metabolic parameters were associated with
PIIINP, including fasting insulin, body mass index, and non-esterified fatty acids (P <0.001, P
<0.001, P=0.001, respectively). These associations remained statistically significant after mutual
adjustment, except the association between BMI and PIIINP.
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Conclusions—Isolated hyperglycemia is associated with higher serum concentrations of
TGF-β, while a broader phenotype of insulin resistance is associated with higher serum PIIINP.
Whether simultaneous pharmacologic targeting of these two metabolic phenotypes can
synergistically reduce the risk of cardiac and other manifestations of fibrosis remains to be
determined.
Keywords
fibrosis; growth factors; hyperglycemia; insulin resistance

2. Introduction
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Emerging evidence suggests that fibrosis may play a role in mediating the association
between diabetes and cardiovascular disease [1, 2]. In in vitro models, high glucose
concentrations have been shown to activate the diacylglycerol-protein kinase C (DAG-PKC)
pathway [3]. This pathway stimulates the production of pro-fibrotic matrix cytokines such as
transforming growth factor-β (TGF-β), and the downstream release of collagen byproducts
such as procollagen type III N-terminal propeptide (PIIINP). TGF-β and PIIINP are novel
and complementary biomarkers of fibrosis [4–6] that have been independently associated
with risk of incident heart failure, myocardial infarction, and stroke in multiple large,
community-based cohorts [7–10]. In humans, TGF-β levels are elevated in diabetes
compared to normoglycemia [11]. Whether this elevation is due to hyperglycemia per se or
other correlates of metabolic dysregulation is unknown.

Author Manuscript

Knowledge of the specific metabolic parameters associated with fibrosis could enable a
targeted approach to prevent vascular and myocardial fibrosis. To our knowledge, no studies
have examined whether metabolic parameters other than hyperglycemia are associated with
TGF-β. Two studies, both conducted in middle-aged populations, have attempted to establish
the specific metabolic parameters associated with PIIINP [12, 13]; however, the first [12]
was conducted in a relatively small cohort of 160 individuals, and the second [13] was
conducted without in-depth, fasting and post-challenge measurements of metabolic
disturbance. Neither study included a second, complementary biomarker of fibrosis such as
TGF-β.
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The aim of this study was to determine the cross-sectional associations of diverse indicators
of metabolic disturbance, including diabetes status, fasting glucose, fasting insulin, body
mass index (BMI), fatty acid binding protein 4 (FABP4), and non-esterified fatty acids
(NEFA), with circulating levels of TGF-β and PIIINP among community-living older adults
in the Cardiovascular Health Study (CHS). In the subset of our cohort in which
measurements were available, we additionally assessed the associations of 2-hour glucose
and insulin, Gutt insulin sensitivity index (ISI), and carboxymethyl lysine (CML; a marker
of advanced glycated end products) with TGF-β and PIIINP.

3. Methods
3.1. Study Design

Author Manuscript

The design, rationale and details of the examinations in CHS have previously been published
[14]. In brief, 5,201 participants were recruited in 1989–1990 from Medicare eligibility lists
in four US communities: Forsyth County, North Carolina; Sacramento County, California;
Washington County, Maryland; and Pittsburgh, Pennsylvania. A supplemental cohort of 687
mostly African-American participants was added in 1992–1993 and is also included in this
analysis. Eligible individuals were at least 65 years old, living in the community, and
expected to remain in that community for at least three years after baseline. Individuals were
excluded if they were under active cancer treatment or unable to provide written informed
consent. Follow-up interviews to ascertain incident events were conducted at annual study
visits through 1998–1999. All participants in our study provided written informed consent,
and the institutional review board at each center approved the study protocol.
3.2. Exposure Assessment

Author Manuscript
Author Manuscript

We collected serum samples at the 1996–1997 visit after an 8–12 hour overnight fast, and
again 2 hours after a 75-g oral glucose tolerance test (OGTT) [15]. Fasting and 2-hour
glucose were measured with a standard clinical chemistry analyzer (Eastman Kodak,
Rochester, NY). Fasting and 2-hour insulin were measured by competitive
radioimmunoassay (Diagnostic Products Corporation, Malvern, PA) [16]. We defined
impaired fasting glucose as fasting glucose 100–125 mg/dL, and diabetes as fasting glucose
≥ 126 mg/dL or use of insulin or oral hypoglycemic medications. We calculated the Gutt ISI
(mg·L2/mmol·mU·min) as insulin sensitivity = m / (G × I), where m is a measure of glucose
uptake during the OGTT calculated from body weight and fasting and 2-hour glucose, G is
the mean of fasting and 2-hour glucose, and I is a log10 transformation of the mean of
fasting and 2-hour insulin [17]. We used technician-measured height and weight from the
1996–1997 visit to calculate BMI (the weight in kilograms divided by the square of the
height in meters). CML was measured from 1996–1997 serum samples using a photometric
enzyme-linked immunosorbent assay (ELISA) (Microcoat, Penzberg, Germany) [18].
Because 1996–1997 data were unavailable, we measured plasma FABP4 and NEFA from
plasma collected at the 1992–1993 visit. FABP4 concentration was measured using ELISA
(Biovendor ELISA); NEFA concentration was measured by the Wako enzymatic method
[19].
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3.3. Outcome Assessment
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TGF-β and PIIINP were measured from stored 1996–1997 EDTA plasma samples in 2011–
2012. TFG-β was measured by ELISA (Quantikine Human TGF-β1 Immunoassay; R&D
Systems, Minneapolis, MN). PIIINP was measured by the UniQ Intact N terminal
Propeptide of Type III Procollagen radioimmunoassay kit (Orion Diagnostics, Fountain
Hills, AZ). Inter- and intra-assay coefficients of variation (CVs) for TFG-β were between
1.9–2.9% and 6.4–9.3%, respectively. For PIIINP, both CVs were less than 7.2%.

Author Manuscript

3.4. Covariate Assessment
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In pilot studies, we identified probable platelet contamination resulting in artificially
elevated levels of TGF-β [20] at two of our four CHS sites. Hence, we measured TGF-β only
at the two remaining sites, a priori. Of the two sites at which TGF-β was not measured, one
site (Washington County, Maryland) did not enroll an African American cohort in 1992–
1993. However, participant characteristics other than race were similar between sites where
TGF-β was and was not measured (eTable 1). Our analysis included 1,559 individuals with
measured levels of TGF-β and 3,024 individuals with measured levels of PIIINP.

3.5. Statistical Analysis

When possible, covariate measurements were taken from the 1996–1997 visit, which is
baseline for these analyses. If 1996–1997 data was unavailable, we used data from the 1995–
1996 visit, or earlier visits depending on data availability. Participants self-reported age, sex,
race, smoking history, and use of statins, anti-hypertensive medications (including diuretics,
β-blockers, ACE inhibitors, calcium channel blockers, and other anti-hypertensive
medications), oral hypoglycemic agents, and insulin using a validated medication inventory
[21]. Trained study personnel measured systolic blood pressure (SBP) using standardized
protocols. Blood and urine samples were obtained from participants to measure total
cholesterol, C-reactive protein (CRP), cystatin-C based estimated glomerular filtration rate
(eGFR), and serum albumin using standard methods.

We examined the distribution of TGF-β and PIIINP by the above listed covariates and
calculated Spearman correlations and bivariate associations using the Kruskal-Wallis test,
categorizing categorical variables according to clinically-relevant cutpoints.

Author Manuscript

We used multivariable linear regression with robust standard errors to assess the associations
of diabetes status (normoglycemic, impaired fasting glucose, diabetes) with TGF-β and
PIIINP, using normoglycemia as the reference category. Among individuals not using insulin
or oral hypoglycemic agents, we evaluated the associations of diabetes-related metabolic
parameters (fasting glucose and insulin, BMI, FABP4, and NEFA) with TGF-β and PIIINP.
Several metabolic parameters were not available in the full cohort, therefore we separately
evaluated associations of 2-hour glucose and insulin, Gutt ISI, and CML with TGF-β and
PIIINP. Although the distributions of TGF-β and PIIINP were both right skewed, we chose
not to ln-transform TGF-β or PIIINP in our main analysis to enhance interpretability.
However, we present robust standard errors to accommodate non-normality of our outcome
variables. To improve model fit, we ln-transformed several metabolic parameters, including
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fasting and 2-hour insulin, NEFA, and Gutt ISI. As a sensitivity analysis, we re-estimated
our models after ln-transforming TGF-β and PIIINP.
We created sequential models, choosing covariate forms based on graphical analysis and
model likelihood parameters. Model 1 adjusted for sociodemographic variables including
age, sex, race, and clinic site. Model 2 additionally adjusted for potential confounders
including pack years, smoking status (never, former, current), SBP (quintiles), statins, use of
medications for hypertension, total cholesterol (quintiles), ln(CRP), eGFR (quintiles), and
albumin. In sensitivity analysis, we explored mutual adjustment for our main metabolic
parameters (fasting glucose and insulin, BMI, FABP4, and NEFA).

Author Manuscript

For metabolic parameters with data available at more than one time point, we explored
differences in the associations of prior (1992–1993) vs. current (1996–1997) measurements
with TGF-β and PIIINP from 1996–1997. Where we observed interactions between prior
and current measurements of metabolic parameters, we conducted stratified analyses
dichotomized at the median of the prior (1992–1993) measurements.
All analyses were conducted in SAS (SAS Institute, Cary, North Carolina). P-values < 0.05
were considered statistically significant for all analyses, including interaction terms.

4. Results
Measured levels of both TGF-β and PIIINP were higher among non-blacks, among
individuals with higher CRP, and among individuals with worse renal function (Table 1).
TGF-β levels were weakly positively correlated with PIIINP levels (Spearman r=.07, P=.
007).
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4.1. Diabetes Status
Graphically, we observed a graded, positive relationship between categories of fasting
glucose (normoglycemia, impaired fasting glucose, diabetes) and TGF-β (Figure 1). In
contrast, PIIINP levels were similar except among individuals with diabetes, in whom they
were elevated.
4.2. Diabetes-related Metabolic Parameters

Author Manuscript

Among the main metabolic parameters we examined (Table 2), only fasting glucose was
associated with TGF-β (P = 0.03). Multiple metabolic parameters were associated with
PIIINP, including fasting insulin, body mass index, and non-esterified fatty acids (P <0.001,
P <0.001, P=0.001, respectively). These associations remained statistically significant after
mutual adjustment, except the association between BMI and PIIINP, which was attenuated
(eTable 2). Among the metabolic parameters associated with PIIINP, the standardized
association of fasting insulin with PIIINP was largest in magnitude (eTable 2). Our
conclusions were similar after ln-transformation of TGF-β or PIIINP in sensitivity analysis
(eTable 3).
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4.3. Secondary Analysis
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In our secondary analysis conducted in a limited cohort in whom measurements were
available (1,422 individuals with TGF-β and 2,759 individuals with PIIINP), 2-hour glucose
was associated with TGF-β (P = 0.01), as was Gutt ISI (P = 0.006), which is calculated
based on glucose measurements (Table 3). Diverse metabolic phenotypes were associated
with PIIINP including 2-hour glucose, 2-hour insulin, and Gutt ISI (P = 0.02, P = 0.002, P =
0.001 respectively). Our conclusions were similar after ln-transformation of TGF-β or
PIIINP in sensitivity analysis (eTable 3).
4.4. Current and Prior Metabolic Exposures

Author Manuscript

With the exception of BMI, associations between current (1996–1997) measurements of
metabolic phenotypes and fibrosis-related biomarkers were generally stronger than
associations between prior (1992–1993) measurements of metabolic phenotypes and
fibrosis-related biomarkers (Table 4). We observed an interaction between current and prior
fasting insulin for PIIINP (P-interaction = 0.007), and conducted stratified analyses
accordingly. Strata were dichotomized at the median level of prior fasting insulin, 2.52
ln(IU/mL). The association between current fasting insulin and PIIINP was larger in
magnitude among individuals with higher prior fasting insulin than among individuals with
lower prior fasting insulin, suggesting that a longer duration of elevated fasting insulin is
associated with higher levels of PIIINP. Other interactions between current and prior
measurements were not statistically significant (all P-interaction > 0.05).

5. Discussion
Author Manuscript

TGF-β and PIIINP are two complementary biomarkers of fibrosis that have been
independently associated with risk of incident heart failure, myocardial infarction, and
stroke [7–10]. To our knowledge, our study is the first of its size to evaluate the associations
of diverse, in-depth metabolic parameters with both TGF-β and PIIINP. We found that only
hyperglycemia was associated with TGF-β, while multiple measures of insulin resistance
were associated with PIIINP. Our findings suggest that elevations in TGF-β and PIIINP may
represent distinct patterns of metabolic disturbances (Figure 2).
5.1. TGF-β

Author Manuscript

We observed that hyperglycemia is positively associated with TGF-β. Our finding is
supported by previous experimental studies, which have observed an increase in mRNA and
protein expression of TGF-β in cells exposed to high glucose concentrations [22–24]. In
rodent models of diabetes, mRNA and protein levels of TGF-β have been shown to increase
three days after the onset of overt hyperglycemia [25]. Limited data are available in human
cohorts. However, in one experimental study of normoglycemic, middle-aged volunteers
there was a significant increase in urinary TGF-β levels after 120 minutes of glucose
exposure using a glucose-clamp procedure [26]. In our study, we observed a graded, positive
association between categories of glycemic control (normoglycemic, impaired fasting
glucose, diabetes) and circulating TGF-β concentrations. Additionally, fasting and 2-hour
glucose were associated with circulating TGF-β, as well as Gutt ISI, which is calculated
based on fasting and 2-hour glucose measurements. These observations support the
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experimental evidence that hyperglycemia per se may increase the expression of TGF-β via
activation of the DAG-PKC pathway [27].
5.2. PIIINP

Author Manuscript

Multiple metabolic parameters related to insulin resistance were associated with higher
serum PIIINP concentrations, including higher fasting insulin, BMI, NEFA, 2-hour glucose
and insulin, and Gutt ISI. Two previous studies have investigated associations between
metabolic parameters and serum PIIINP levels, with results that are consistent with our
study. In one hospital-based study conducted among 160 non-diabetic obese individuals,
circulating PIIINP was correlated with glucose concentration, insulin sensitivity, insulin, and
parameters associated with the insulin resistance syndrome (high-density lipoprotein
cholesterol and fat trunk/fat leg ratio) [12]. In a second study conducted among 967
community-based individuals in the Framingham Heart Study, BMI was positively
associated with circulating PIIINP (fasting and 2-hour laboratory measurements were not
collected) [13]. Our study found that BMI was associated with PIIINP; however this
association was no longer significant after mutual adjustment for fasting insulin, NEFA, and
other metabolic parameters. One possible explanation for this is that insulin may mediate the
association of BMI with PIIINP. Taken together, our results suggest that a broad insulin
resistance phenotype may drive collagen synthesis and, downstream, PIIINP production.
5.3. Implications

Author Manuscript

Given our finding that two distinct patterns of metabolic disturbance (isolated
hyperglycemia and a broader phenotype of insulin resistance) are associated with TGF-β and
PIIINP, future efforts to prevent the cardiovascular complications of diabetes may need to
include multi-pronged lifestyle and pharmacological strategies that target both
hyperglycemia and metabolic disturbances such as elevated fasting insulin and NEFA.
Dietary modifications may play an important role; one recent study in mice has
demonstrated a causal relationship between a high fat diet and cardiac fibrosis [28].
Simultaneous targeting of multiple metabolic pathways could synergistically reduce the risk
of fibrosis and downstream cardiovascular complications. Additional interventional studies
will be required to investigate this hypothesis.

Author Manuscript

Given the differences in the metabolic parameters correlated with TGF-β and PIIINP, it is
tempting to speculate that these biomarkers may be differentially associated with type 1 and
type 2 diabetes risk. Type 1 diabetes is characterized by glycemic dysregulation, while type
2 diabetes is characterized by a broader phenotype of insulin resistance. Aggressive
glycemic control has been shown to reduce the risk of microvascular and cardiovascular
disease among individuals with type 1 diabetes [29], while among individuals with type 2
diabetes, the benefit of intensive therapy has been demonstrated for microvascular but not
cardiovascular disease [30]. Based on the strong associations that we observed between
glycemic dysregulation and TGF-β, it is possible that TGF-β may be a type 1 diabetesselective marker of cardiovascular disease risk. In contrast, PIIINP may be a better marker of
cardiovascular disease risk among individuals with type 2 diabetes, in whom multiple
metabolic factors contribute to cardiovascular disease risk [31, 32]. Studies conducted
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specifically among individuals with type 1 or type 2 diabetes are required to evaluate these
preliminary hypotheses.
5.4. Strengths and Limitations

Author Manuscript

Strengths of our study include a large, well-characterized, community-based population and
the availability of a diverse range of adjustment variables to minimize confounding in
multivariable-adjusted models. We focused our work on older adults, a population in which
the metabolic correlates of fibrosis have not previously been studied. Age-associated
changes in glucose metabolism, body composition, comorbidity, and lifestyle distinguish the
clinical picture of diabetes in older adults from other age groups. Rather than focusing
exclusively on diabetes status in our study, we examined diverse indicators of metabolic
disturbance including fasting and 2-hour glucose and insulin, BMI, FABP 4, NEFA, insulin
sensitivity, and CML. This detailed phenotypic information allowed us to elucidate specific
metabolic parameters associated with TGF-β and PIIINP. Furthermore, we were able to
examine the full range of glucose homeostasis, given the population-based design of our
study. Finally, we investigated both TGF-β and PIIINP, two biomarkers that provide
complementary measures of fibrosis.
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Our study is not without limitations. The metabolic phenotypes in our analysis cannot be
interpreted as risk factors for fibrosis given the lack of temporality in our dataset. Ultimately,
our results require corroboration by prospective studies to infer temporality. Also, we
measured TGF-β on a smaller sample of participants, and thus had more limited statistical
power to detect associations of metabolic phenotypes with TGF-β. It is possible that preanalytical variability in levels of TGF-β precluded our ability to detect associations between
TGF-β and other study variables, though we were able to detect an association between
TGF-β and glucose. Additionally, we were unable to assess the association between
hemoglobin A1c and fibrosis-related biomarkers as hemoglobin A1c was not available for
study participants. Furthermore, we were unable to directly evaluate the association between
diabetes duration and fibrosis-related biomarkers. Where available, we did evaluate
associations of both current and prior measurements of metabolic parameters with fibrosisrelated biomarkers; however, the high correlations between these repeated measures limited
our ability to make distinctions.
5.5. Summary

Author Manuscript

There is growing recognition that fibrosis may play a fundamental role in the development
of the cardiovascular complications of diabetes. Our findings provide evidence that multiple
metabolic parameters are associated with circulating biomarkers of fibrosis, beyond
hyperglycemia alone. Early lifestyle and pharmacologic intervention to control these diverse
metabolic disturbances may improve our ability to prevent fibrosis and its downstream
effects on vascular and myocardial disease.
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body mass index
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fatty acid binding protein 4
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insulin sensitivity index
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carboxymethyl lysine
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oral glucose tolerance test
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coefficient of variation
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systolic blood pressure
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c-reactive protein

eGFR

estimated glomerular filtration rate
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Figure 1.

Author Manuscript

Multivariable-adjusted associations of diabetes status with TGF-β (ng/L) and PIIINP (ng/L),
using normoglycemia as the reference category
FG: Fasting Glucose, PIIINP: Procollagen type III N-terminal propeptide, TGF-β:
Transforming growth factor-β
*P = 0.06 for TGF-β, P = 0.01 for PIIINP
P-trend = 0.057 for TGF-β, P-trend = 0.032 for PIIINP
Adjusted for age, sex, race, clinic, pack years, smoking status, systolic blood pressure,
statins, use of hypertension medications, total cholesterol, C-reactive protein, estimated
glomerular filtration rate, and serum albumin
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Figure 2.

Schematic diagram depicting a single pathway from hyperglycemia to TGF-β and multiple
pathways from insulin resistance to PIIINP.
BMI: Body Mass Index, PIIINP: Procollagen type III N-terminal propeptide, PKC: Protein
Kinase C, TGF-β: Transforming growth factor-β
Squares indicate fibrosis biomarkers of interest.
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(N=2,759)

a
Adjusted for age, sex, race, clinic, pack years, smoking status, systolic blood pressure, statins, use of hypertension medications, total cholesterol, C-reactive protein, estimated glomerular filtration rate, and
serum albumin

PIIINP: Procollagen type III N-terminal propeptide, TGF-β: Transforming growth factor-β Associations are calculated among individuals not taking insulin or oral hypoglycemic agents.
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Multivariable-adjusted associations of hyperglycemia and other metabolic exposures with TGF-β and PIIINP
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PIIINP: Procollagen type III N-terminal propeptide, TGF-β: Transforming growth factor-β Associations are calculated among individuals not taking insulin or oral hypoglycemic agents.
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Adjusted for age, sex, race, clinic, pack years, smoking status, systolic blood pressure, statins, use of hypertension medications, total cholesterol, C-reactive protein, estimated glomerular filtration rate, and
serum albumin

PIIINP: Procollagen type III N-terminal propeptide, TGF-β: Transforming growth factor-β Associations are calculated among individuals not taking insulin or oral hypoglycemic agents, and with exposure
data from 1992–1993 and 1996–1997 available. Median prior log-Fasting insulin = 2.52 ln(IU/mL).
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