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ABSTRACT

Background

Although most of the management of type 2 diabetes (T2DM) occurs in primary care, and
physicians are tasked with using a ‘whole person’ approach, there is currently a lack of
research on psychosocial diagnostic indicators for detecting metabolic abnormalities in
T2DM patients. This study examined relations between SRH and metabolic abnormalities in
patients with type 2 diabetes, adjusting for metabolic comorbidity.

Method

A total of 583 adults with type 2 diabetes were identified from the 2019 HSE (Health Survey
for England). Data on metabolic syndrome (MetS) was extracted, including lipids (high
density lipoprotein cholesterol (HDL-C)), glycated haemoglobin (HbAc), blood pressure
(systolic/diastolic), and anthropometric measures (BMI, waist/hip ratio). Bootstrapped
hierarchical regression and structural equation modelling (SEM) were used to analyse the
data.

Results

Adjusting for metabolic covariates attenuated significant associations between SRH and
metabolic abnormalities (HDL-C, HbA1c), regardless of MetS status. Analysis by gender
uncovered covariate-adjusted associations between SRH and both HDL-C (in men) and
HbAlc (in women) (p’s = 0.01), albeit these associations were no longer significant when
evaluated against a Bonferroni-adjusted alpha value (p > 0.004). Sensitivity analysis
indicated most findings were unaffected by the type of algorithm used to manage missing
data. SEM revealed no indirect associations between SRH, metabolic abnormalities, and
lifestyle factors.

Conclusions
While poor SRH can help primary care physicians identify T2DM patients with metabolic
dysfunction, it may not offer added diagnostic usefulness over clinical biomarkers.

Key words

Diabetes; Metabolic syndrome; Self-perception; Cardiometabolic Risk Factors
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1. BACKGROUND

1.1 Primary care

Most of the management of type 2 diabetes (T2DM) occurs in primary care (1). Primary care
physicians are expected to adopt a ‘whole-person’ (holistic) approach, including bio-psycho-
social evaluations, when working with patients to detect and manage metabolic abnormalities
that increase the risk of cardiovascular disease, and other cardiometabolic complications (2),
such as insulin resistance, elevated fasting glucose (= 100mg/dL), waist circumference (>0.9
(men) or > 0.85 (women)), triglycerides (= 150 mg/dL (1.7 mmol/L), blood pressure (systolic
> 130 and/or diastolic > 85 mm Hg), and reduced HDL-C (< 40 mg/dL (1.0 mmol/L) in
males; < 50 mg/dL (1.3 mmol/L) in females) (see Fig 1) (3). The presence of insulin
resistance or elevated fasting glucose, and any two of the aforementioned criteria, is
considered diagnostic of metabolic syndrome (MetS) (2).

While MetS is especially problematic in people with T2DM (4), metabolic irregularities
often do not produce overt symptoms (besides visible abdominal adiposity in some patients)
(5). This can be problematic in primary care settings, where the focus is on identifying and
reducing metabolic abnormalities (1). Clinicians need to conduct a thorough physical
examination to diagnose the condition (6). Despite the growing emphasis on a
biopsychosocial approach in the management of T2DM in primary care settings (7), there has
been limited research on psychological diagnostic indicators that primary care physicians can
use to detect metabolic dysregulations in asymptomatic T2DM patients.

[Fig 1 Diagnostic criteria for metabolic syndrome based on WHO
(1999) guidelines (Source: Saklayen, 2018)]

1.2 Self-rated health

Self-rated health (SRH) is an increasingly important construct in epidemiological and
biomedical research (8-10). It refers to a person’s assessment of their health status and is
thought to be a more accurate health indicator than biomedical risk factors (11). For example,
SRH may depict undiagnosed illness at preclinical or prodromal stages (i.e., before major
symptoms appear) (8). It is a simple and easy to administer measure and hence can be a
useful risk indicator in clinical settings (e.g., during doctor-patient consultations). Decades of
research suggests SRH is a reliable predictor of mortality, over and beyond physical health
indicators, with its predictive power increasing over time (9). Research also suggests SRH
independently predicts morbidity, including cardio cerebral vascular diseases, after adjusting
for biomedical and sociodemographic covariates (12-15).

Recently, there has been growing interest in the relationship between SRH and metabolic
health (16-18), notably the specific metabolic abnormalities used to define MetS, such as
insulin resistance, hyperlipidaemia (high cholesterol), blood pressure, and anthropometric
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factors (19-21). An association between SRH and metabolic function may be underpinned by
several mechanisms. First, a person may simply perceive symptoms of metabolic dysfunction
(e.g., weight gain), and consequently infer that they are in a poor state of health (8). This
scenario assumes that illness symptoms are perceptible (i.e., the person is not asymptomatic)
(22, 23). Second, an individual may evaluate their health status based on biomarker
information depicting metabolic functioning, such as clinical test results, or data from
medical tests performed at home (e.g., blood pressure monitoring) (10). Third, SRH may
reflect the presence of various risk factors for metabolic dysfunction, including family
history, behavioural risk factors, and/or or signs of declining health, such as functional
impairment (8).

1.3 Ambiguity in the literature

Historically, previous research demonstrating associations between SRH and MetS have
rarely controlled for the specific clinical biomarkers that define MetS (21). SRH has been
linked to various metabolic abnormalities including high density lipoprotein cholesterol
(HDL-C) (24, 25), triglycerides (20), and blood pressure (26-28). While some studies have
adjusted for anthropometric markers, notably BMI (20), we found no study controlling for
other metabolic dysfunctions in MetS (e.g., HDL-C, triglycerides, blood glucose,
systolic/diastolic blood pressure). Thus, it remains unclear how associations between SRH
and metabolic abnormalities is affected by related metabolic factors.

This problem is well illustrated in a large-scale investigation using data from three
European populations (approximately 15,000 individuals). The study found that SRH was
associated with at least 57 (out of 150) biomarkers, including biochemical factors that define
MetS, such as HDL-C (mmol/L), triglycerides (mg/dl) glycaeted haemoglobin (HbA1c, %),
and insulin (mU/ml) (10). Although these associations were independent of disease and
physical functioning (e.g., number of diseases), there was no adjustment for metabolic
covariates. This methodological constraint was also manifest in another large-scale
population-based study using data from 18,000 adults (13). Although SRH was found to be
associated with metabolic anomalies such as haemoglobin, triglycerides, LDL-C (low-density
lipoprotein cholesterol), and fasting plasma glucose, the study did not adjust for covariance
between these metabolic biomarkers.

The ambiguity in the SRH literature is problematic since biomedical research indicates
significant multimorbidity in metabolic biomarkers (29-31). For example, consider a scenario
in which poor SRH depicts a specific aspect of hyperlipidemia, such as HDL-C deficiency
(32). SRH may simply be capturing comorbid cardiometabolic abnormalities that primary
care physicians can easily observe, and/or detect using available clinical options (e.g.,
obesity, HbA1c) (10). In this scenario, SRH does not provide primary care practitioners with
any unique insights in detecting and managing cardiometabolic complications in T2DM
patients. Consequently, in order to show that SRH offers unique diagnostic utility for
detecting metabolic dysfunction in T2DM patients, over and beyond comorbid biomarkers
(10), it is necessary to adjust for cardiometabolic covariates.
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1.4 Asymptomatic patients

Although research has implicated SRH in cardiometabolic health amongst patients with
T2DM (33, 34), evidence is limited, and it remains unclear how SRH contributes to
metabolic abnormalities in this clinical population. Not every T2DM patient meets the
criteria for MetS (2). Contrary to the prevailing pathophysiological perspective that metabolic
dysfunction applies to all T2DM cases, a cross-sectional analysis of 414 T2DM cases
(including body weight and fat mass, systolic/diastolic blood pressure, and glucose tolerance)
found that 15% displayed no components of MetS, other than hyperglycaemia (35). Although
these cases showed insulin resistance, other metabolic levels (e.g., triglycerides, HDL-C, and
blood pressure) matched concentrations in healthy controls. Certain forms of metabolic
dysregulation do not generate any symptoms (e.g., high cholesterol), meaning clinicians need
to conduct thorough physical examinations and blood testing to diagnose the condition (6).
Thus, a significant relationship between SRH and metabolic abnormalities, independent of
other metabolic biomarkers, will be clinically relevant to T2DM patients, since poor SRH
may help identify asymptomatic patients with subclinical metabolic dysfunctions, before the
development of overt clinical MetS (8). SRH is an easily measured metric (11), and hence
may be especially useful in clinical settings by providing doctors with an extra diagnostic tool
to identify high risk T2DM patients requiring additional clinical evaluation, to detect
metabolic anomalies.

1.5 Research objectives

Professionals in primary care settings face a growing plethora of available clinical options for
detecting and managing metabolic abnormalities in T2DM (1). However, despite the
emphasis on a holistic approach in primary care (7), there has been limited research on useful
psychological diagnostic indicators for detecting metabolic dysregulations in T2DM patients.
While it is possible SRH may be a useful diagnostic indicator for detecting asymptomatic
metabolic dysfunction in T2DM patients, currently there has been little or no research testing
this premise. Although past studies have demonstrated significant associations between SRH
and metabolic anomalies (16, 18-21), independent of disease and physical functioning (10),
these relationships may be confounded by comorbid metabolic biomarkers (29, 30). Thus, it
is necessary to demonstrate extent to which SRH depicts metabolic abnormalities in T2DM
patients, while accounting for cardiometabolic covariates (1).

The current study examined two specific questions:

a) Does SRH independently predict metabolic abnormalities in T2DM patients?
Consistent with previous research on SRH in relation to biomarkers (10), and MetS
(20), we expected independent associations between SRH and metabolic variables
after adjusting for metabolic covariates (Hypothesis 1).

b) Does SRH independently predict metabolic abnormalities differentially in T2DM
patients who do and those who do not meet MetS diagnostic criteria? Based on
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research linking SRH to biomarkers, independent of disease diagnosis (10), we
hypothesised independent associations between SRH and metabolic factors after
adjusting for metabolic covariance, irrespective of MetS status (Hypothesis 2) (8, 36,
37).

2. MATERIALS & METHODS

2.1 Ethics Statements

The study was conducted according to the guidelines of the Declaration of Helsinki and
approved by the Institutional Review Board (or Ethics Committee) of Liverpool John Moores
University, covering research with archived data from the Health Survey for England (HSE)
(approval number 16/NSP/035, 14 June 2016).

2.2 Data availability

The Health Survey for England (HSE) is managed by the National Centre for Social Research
(NatCen) and the Department of Epidemiology and Public Health at University College
London. HSE data cannot be shared publicly for legal and ethical reasons, third party rights,
and institutional or national regulations or laws. The UK Data Service provides restricted
access to HSE data, to protect confidential or proprietary information. Individuals and
organisations seeking access need to be registered with the UK Data Service, albeit access is
limited to applicants from UK HE/FE institutions, central and local government, NHS,
research companies and charities for not-for-profit education and research purposes. Users
not in the above categories can submit access requests to surveys.queries@nhs.net and will be
subject to approval. For more information, please contact the UK Data Service website.
https://rb.gy/vhi5uf.

2.3 Design

Fig 2 shows participant recruitment and eligibility data. We extracted data from the 2019
Health Survey for England (HSE), which monitors health-related trends in adults (aged > 16)
and children (aged 0 to 15) living in England, United Kingdom (38). The HSE is conducted
by the National Centre for Social Research (NatCen) and the Department of Epidemiology
and Public Health at University College London. HSE data cannot be shared publicly for
legal and ethical reasons, due to third party rights, institutional or national regulations or
laws, and the nature of data gathered. Access to HSE data is provided by the UK Data
Service under restrictions to protect confidential or proprietary information. The survey
assesses various biomedical parameters, including metabolic risk factors (e.g., height, weight,
blood pressure, lipid profiles), lifestyle (e.g., smoking and alcohol use) and SRH. In general,
survey protocol involves an interview and/or completion of a questionnaire followed by a
visit from a nurse who collects biomedical data including saliva samples. Details of 2019
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HSE methodology and scope, including the questionnaire, have been published elsewhere
(39).

2.4 Sample

A total of 8,205 adults and 2,095 children (total = 10,300) participated in the 2019 survey. Of
these, 4,947 adults and 1,169 children were visited by a nurse. Participants were recruited
using stratified probability sampling, to ensure the sample is representative of the household
population in England. Only participants diagnosed with T2DM by a doctor or nurse were
eligible to participate in the present study. We identified 584 individuals with T2DM, of
whom 353 (60.4%) met the diagnostic criteria for MetS.

2.5 Self-rated health

SRH data was assessed via the question “How is your health in general? Would you say it
was ...” (respondents selected one of five responses options: “Very good” (coded 1), “Good”
(coded 2), “Fair” (coded 3) “Bad” (coded 4), and “Very bad” (coded 5)). These response
options differ from categories used in some other research, which for example include an
“excellent” option (10) ). For linear regression SRH was collapsed into a simple dichotomous
(dummy) variable due to the very small number of MetS cases in the “Very good” (n = 27)
and “Very bad” (n = 27) categories. For this new variable “fair”/”’bad”/’very bad” responses
were coded 0, while “good”/”’very good” responses were coded 1. For the purposes of
conducting structural equation modelling (SEM) with maximum likelihood estimation (which
requires continuous data), SRH was treated as continuous variable with the five original
categories (recoded from 0 (“Very good”) through to 4 (“Very bad”)). Thus, a higher value
indicated poorer SRH.

2.6 Metabolic variables

Metabolic data was based on blood samples taken during the nurse visit (38). All measures
were treated as both continuous variables (for regression analysis) and dichotomised
variables, based on MetS diagnostic criteria, in order to identify MetS cases (2). Serum HDL-
C was measured in mmol/L, with 0.9 mmol/L (35 mg/dl) for men used as the critical
threshold (> 0.9 mmol/L (coded 0) vs. < 0.9 mmol/L (coded 1)). Anthropometric markers
consisted of waist/hip ratio data, with 0.85 (women) used as the critical threshold (> 0.85
(coded 1) vs. <0.85 (coded 0)) and BMI scores, dichotomised based on the cut-off for
obesity (> 30 kg/m? (coded 1) vs. < 30 kg/m? (coded 0)). Diagnosis with hypertension by a
health professional was a simple dichotomy (‘Yes’ (coded 1) vs. ‘No’ (coded 0)). We also
extracted systolic and diastolic blood pressure data, viewed as separate biomarkers due to
differential effects on health outcomes (40). Both variables were dichotomised: systolic (<
120 mm Hg (coded 0) vs. > 120 mm Hg (coded 1)); diastolic (< 80 mm Hg (coded 0) vs. > 80
mm Hg (coded 1)). Finally, we extracted glycaeted haemoglobin (HbA1lc (mmol/mol)) data,
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in place of fasting glucose. Inclusion of HbA ¢ here reflects the new clinical definition for
MetS proposed by the IDF (International Diabetes Federation), (41). HbAlc scores were
dichotomised at the 48 mmol/mol clinical threshold for diabetes; < 48 mmol/mol (coded 0) or
=> 48 mmol/mol (coded 1) (42).

WHO criteria were used to identify MetS cases (5). This entails insulin resistance or
glucose > 6.1 mmol/L (110 mg/dl), 2 hour glucose > 7.8 mmol (140 mg/dl), and any two of
four additional diagnostic requirements: (a) serum HDL-C (cholesterol) < 0.9 mmol/L (35
mg/dl) for men, and < 1.0 mmol/L (40 mg/dl) for women, (b) triglycerides > 1.7 mmol/L
(150 mg/dl), (c) a waist/hip ratio > 0.9 for men, or > 0.85 for women, or a BMI value > 30
kg/m2, and (d) blood pressure > 140/90 mmHg. Since data on insulin resistance and impaired
glucose tolerance was unavailable (39), we assumed poor insulin sensitivity from T2DM
status (43). Furthermore, BMI (> 30 kg/m?) rather than waist/hip ratio was used as the
primary anthropometric measure since the former criterion is not gender-specific (44). We
also applied the HDL-C threshold for men (< 0.9 mmol/L (35 mg/dl)) as this is more
conservative. Additionally, diagnosis with hypertension was used in place of
systolic/diastolic blood pressure readings, due to the greater proportion of missing data for
the latter. Overall, MetS caseness was based on the presence of T2DM and any two of the
following: serum HDL-C< 0.9 mmol/L (35 mg/dl); BMI (kg/m?) > 30; diagnosis with
hypertension by a health professional. A total of 352 MetS cases (60.3 %) were identified
using these criteria (MetS cases = 1, non-cases = 0).

2.7 Other covariates

We assessed two lifestyle factors: cigarette smoking and alcohol consumption. Both
behaviours are heavily implicated in MetS and increased cardiovascular risk (45, 46). For
example, a population-based study of 64,046 adults (aged 18 to 80) found MetS prevalence
varied as a function of both smoking and alcohol consumption. Current alcohol and cigarette
use predicted higher cholesterol (triglycerides) levels, and alcohol intake was linked to
truncal obesity and increased blood pressure, with the latter effect more pronounced in heavy
smokers (47). We extracted two lifestyle items from the HSE data, each treated as a single-
item measure: one assessed number of cigarette smoked per day (respondents provided a
numerical figure), while the other assessed the frequency of alcohol consumption in the past
twelve months: respondents selected one of eight categories (“Almost every day” (coded 1),
“Five or six days a week” (coded 2), “Three or four days a week” (coded 3), “Once or twice a
week” (coded 4), “Once or twice a month” (coded 5), “Once every couple of months” (coded
6), “Once or twice a year” (coded 7), and “Not at all in the last 12 months” (coded 8)). Both
lifestyle measures were treated as quantitative variables, with a higher score denoting higher
levels of cigarette use or alcohol consumption.

We extracted data for four demographic factors: age, gender, socio-economic status,
educational level, and ethnicity. Age was calibrated in twenty-two bands: ages 1 to 16 were
classified into six 1- or 2-year age bands (e.g., 2-4, 13-15), while ages over 16 were grouped
into 3- or 4-year age bands (e.g., 16-19, 30-34, 75-70). Gender was a dichotomy: male (coded
1), female (coded 0). Socio-economic classification contained eight bands using the UK
Registrar General’s scale: (code = 0) ‘higher managerial and professional’, (code = 1) ‘lower
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managerial and professional’, (code = 2) ‘intermediate occupations’, (code = 3) ‘small
employers & own account workers’, (code = 4) ‘lower supervisory and technical’, (code = 5)
‘semi-routine occupations’, (code = 6) ‘routine occupations’, and (code = 7) ‘never worked &
long-term unemployed’. Level of educational level was dichotomised: ‘below degree or
none’ (coded 0) and ‘degree or equivalent’ (coded 1). Finally, ethnicity was also a simple
dichotomy: ‘White’ (coded 0) and ‘non-White’ (coded 1).

2.8 Data analysis

We performed chi-square and independent samples t-tests to evaluate group differences in
metabolic function based on MetS status. Bootstrapped hierarchical multiple regression was
used to test each hypothesis. In each regression analysis we predicted an individual metabolic
variable (e.g., HDL-C), with all other metabolic factors treated as covariates. We constructed
three models for each regression analysis: Model 1 (metabolic variable = Intercept + Age +
Gender + Social Class + Ethnicity + Lifestyle factors), Model 2 (metabolic variable =
Intercept + Age + Gender + Social Class + Ethnicity + Lifestyle factors + SRH), Model 3
(metabolic variable = Intercept + Age + Gender + Social Class + Ethnicity + Lifestyle factors
+ SRH + other metabolic factors). Thus, metabolic covariates were included in the equation
after first evaluating the predictive utility of SRH. We initially adopted a lower alpha level (p
<0.01), to reduce type 1 errors, but interpreted significant regression results using a more
conservative Bonferroni-adjusted alpha value (p < 0.004), to further reduce the risk of false
positives (48). Power analysis for multiple regression using G*Power 3.1.7 (49) indicated a
minimum total sample size of N = 234, to detect a medium effect (f> = 0.15), at a 0.01 alpha
level, and 95% power (1 — B err prob) (50).

3. RESULTS
3.1 Descriptive statistics

We employed listwise deletion to manage missing data (51), which ranged from 0% for
demographics (age, gender, ethnicity) to > 20% for BMI, and > 40% for diastolic/systolic
blood pressure (40.1% each), and waist/hip ratio (40.6%), to as high as 60% for education
level (61%), HbAlc (60.3%), and HDL-C (60.1%) (see Figure 2). Despite the limitations of
listwise deletion, this approach was preferred to inputting (replacing) missing data using
estimated parameters (e.g., expectation maximisation). The latter methods require
assumptions of multivariate normality, which is problematic with categorical variables (e.g.,
SRH, MetS) (52). Regardless, we performed sensitivity analysis to compare the effects of
listwise deletion versus expectation maximisation on regression results.

Of 584 patients diagnosed with T2DM, 353 patients (60.3%) met the criteria for MetS. It
should be noted that occurrence of MetS in diabetes patients varies, and may be influenced by
various factors including MetS diagnostic criteria: thus not every diabetes patient is
diagnosed with MetS (53). The percentage of patients meeting each individual diagnostic
criterion are as follows: HDL-C <= 0.9 mmol/L (35 mg/dl) (n =391 (67%)), waist/hip ratio
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=>0.85cm (n =316 (54.1%)); BMI > 30 kg/m2 (n =229 (39.2%)); diagnosed with
hypertension by a doctor or nurse; (n = 370 (63.4%)): systolic blood pressure > 140 mmHg (n
=82 (14%)) and diastolic blood pressure > 90 mmHg (n = 14 (2.4%)). Just over a quarter of
patients had a HbAlc > 48 mmol/mol (n = 167 (28.6%)). The percentage of participants per
SRH category were ‘very good’ (9.8%), ‘good’ (32.9%), “fair’ (34.8%), ‘bad’ (16.1%), and
‘very bad’ (6.5%). Thus, just over 40% of patients reported ‘good’/’very good’ health.

Table 1 shows means, SDs, and frequencies for the overall sample and by MetS status
(cases versus non-cases). All participants were aged > 16 years, with most participants
(56.8%) aged > 65 years. The youngest age band was 16 to 19 years, the oldest was 90+
years, while the median age band was 65 to 69 years. The sample was predominantly male
(54.1%), 486 (83.2%) identified as Caucasian, 105 (47.1%) had a university education at
degree level or equivalent, and 184 (33%) came from the top three socio-economic groups
(higher/lower managerial, professional, intermediate occupations).

Respondents smoked an average of 2.28 cigarettes a day, and consumed alcohol 5.6 times
in the past 12 months. The sample met WHO thresholds for obesity (BMI (kg/m2) > 0.30 (M
= 31.22)), high central adiposity (waist/hip ratio (cm) > 0.9 (men) (M = 1.00), > 0.85
(women) (M = 0.91)), and poor glycaemic control (HbA1c > 48 mmol/mol) (M = 57.50).
HDL-C levels were normal (i.e., above minimum thresholds of < 0.9 mmol/L in men (M =
1.19) and < 1.0 mmol/L in women (M = 1.31)). Systolic/diastolic blood pressure values were
also below the critical thresholds of >140/90 mmHg (M = 129/69.72).

MetS cases were significantly less likely to report ‘very good’/‘good’” SRH (%2 (1, N =
583) =13.344, p <0.001). There were no group differences in demographic factors or
systolic/diastolic blood pressure (all p’s > 0.01), albeit a slightly higher proportion of MetS
cases (59.1%) were aged 65 years or older, compared with non-cases (53.2%). MetS cases
were significantly more likely than non-cases to be HDL-C deficient (HDL-C <= 0.9
mmol/L (35 mg/dl)) (32 (1, N =1583)=92.768, p <0.001), and generally overweight (BMI >
30 kg/m2), (¥2 (1, N =583) =159.041, p < 0.001), but less likely to be centrally obese
(waist/hip ratio => 0.85cm), (¥2 (1, N = 583) =12.960, p < 0.001). MetS cases were also
more likely to be hypertensive (2 (1, N =583) =231.923, p <0.001), but show better
glycaemic control (HbAlc > 48 mmol/mol), (y2 (1, N =583) =45.034, p <0.001).

Independent samples #-tests comparing MetS cases and non-cases showed the former
group had significantly higher BMI (kg/m2), exceeding the threshold for obesity (M =33.41
versus 27.54), #(459.82) =-12.74, p < 0.001, greater waist/hip ratio (M = 0.98 versus 0.94),
#(343.70) =-4.22, p < 0.001, and lower serum HDL-C (M = 1.18 versus 1.30), #(183.65) =
2.69, p <0.01. There were no group differences in blood pressure, HbA lc, or lifestyle factors
(all p’s >0.01).

[Insert Table 1 about here]
Sample characteristics by metabolic syndrome status

[Insert Table 2 about here]
Final regression models predicting metabolic factors from self-rated health and
metabolic covariates in the whole sample
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3.2 Hypothesis 1: Does SRH predict metabolic abnormalities in T2DM patients?

Table 2 shows results of bootstrapped hierarchical multiple regression predicting metabolic
abnormalities. SRH significantly predicted HDL-C (mmol/L) (Model 2) (B=-0.17,p =
0.015), increasing the explained variance, AR?> = 0.029, F' (1, 176) = 6.035, p = 0.015.
However, adjusting for metabolic factors (Model 3) negated this association, accounting for
an additional 6.7% of the variance in HDL-C (AR?> = 0.067, F (5, 171) =2.976, p = 0.013).

SRH failed to predict systolic blood pressure (mmHg) (Model 2). Adding metabolic
covariates (Model 3) significantly improved the model (AR? = 0.254, F (5, 171) = 13.269, p <
0.001), primarily due to diastolic covariance ( = 0.53, p < 0.001). Similarly, SRH failed to
predict diastolic blood pressure (mmHg), whereas adding metabolic factors significantly
improved model fit (AR> = 0.271, F (5, 171) = 15.660, p < 0.001), mainly due to systolic
effects (B =0.47, p <0.001) and HbA lc (mmol/mol) (B = 0.18, p = 0.003).

The association between SRH and HbA 1¢ (mmol/mol) was significant (f = -0.20, p =
0.008) prior to adjusting for metabolic covariates (Model 2) (AR?> = 0.082, F (1, 176) = 7.241,
p = 0.008). Adding metabolic variables (Model 3) significantly improved the model (AR? =
0.084, F' (5, 171) = 3.454, p = 0.005), negating the SRH—-HbA 1 ¢ relationship (p = 0.04).
Finally, SRH failed to predict anthropometric criteria (BMI, (kg/m?), waist/hip ratio (cm))
(Model 2). Including metabolic factors explained additional variance for both BMI (AR? =
0.090, F' (5, 171) =3.835, p = 0.003) and waist/hip ratio (AR> = 0.069 F (5, 171) =4.027, p =
0.002).

[Insert Table 3 about here]
Final regression models predicting metabolic factors from self-rated health and
metabolic covariates in T2DM patients with MetS

3.3 Hypothesis 2: Does SRH predict metabolic abnormalities in T2DM patients by MetS
status?

Table 3 shows the results for T2DM patients who met MetS diagnostic criteria. Crucially,
SRH failed to predict any metabolic variable (Model 2) prior to adjusting for metabolic
covariates (Model 3) (all p’s > 0.01).

BMI was predicted by both age (f =-0.44, p = 0.001) and gender (B =-0.42, p = 0.009).
Gender also predicted waist/hip ratio (p < 0.001), while age predicted diastolic blood pressure
(p =0.001). Adding metabolic predictors (Model 3) significantly improved the predicted
variance for systolic blood pressure (AR? = 0.286, F' (5, 63) = 5.517, p < 0.001) and diastolic
blood pressure (AR? = 0.229, F (5, 63) = 5.395, p < 0.001).

Table 4 shows coefficients for patients who did not meet MetS criteria (i.e., T2DM-only
patients). Again, SRH failed to predict any metabolic factor (Model 2), prior to accounting
for metabolic covariates (all p’s > 0.01). Adjusting for metabolic variables (Model 3)
explained significant additional variance for both systolic (AR?> = 0.211, F (5, 96) = 7.069, p <
0.001) and diastolic (AR?> = 0.286, F' (5, 96) = 9.236, p < 0.001) blood pressure.
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[Insert Table 4 about here]
Final regression models predicting metabolic factors from self-rated health and
metabolic covariates in T2DM patients without MetS

3.4 Exploratory analysis by age and gender

Research suggests gender differences in cardiometabolic risk (54, 55). Given the strong
associations between gender and anthropometric markers observed here (see above), we
decided to rerun regression analysis stratified by gender. The results are shown in Table 5.

SRH significantly predicted HDL-C (mmol/L) in male patients (Model 2) (B =0.25, p =
0.01), accounting for a significant 6.1% increase in the explained variance, after accounting
for demographic and lifestyle factors, AR> = 0.061, F (1, 93) =6.712, p = 0.011. Adjusting
for metabolic factors (Model 3) did not negate the association between SRH and HDL-C (B =
0.25, p = 0.01) in males and failed to improve the model (AR? = 0.095, F' (5, 88)=2.253,p =
0.056). SRH also predicted HbA 1c (mmol/mol) in female patients (Model 2) (B =-0.31, p =
0.007), explaining 8.4% variance (AR*> = 0.084, F' (1, 77) = 7.696, p = 0.007). Adjusting for
metabolic abnormalities (Model 3) significantly improved the model, predicting another 15%
of the variance (AR?> = 0.156, F' (5, 72) = 3.287, p = 0.01), but did not nullify the
SRH—-HbA I¢c association (p =-0.27, p = 0.01). SRH failed to predict the other metabolic
variables, irrespective of metabolic adjustment (all p’s > 0.01).

Regardless, the associations of SRH with HDL-C (in men) and HbA 1c (in women) were
not significant based on the Bonferroni adjusted alpha level (both p’s > 0.004).

Given that age is implicated in metabolic health (56), and was significantly associated
with various metabolic covariates, notably systolic/diastolic blood pressure (see Table 2), we
repeated the analysis, to see whether SRH significantly predicts metabolic variables across
older (> age 65) and younger (< age 65) respondents, based on a median split. SRH was not
reliably associated with any metabolic outcome, irrespective of age group (all p's > 0.004).

[Insert Table 5 about here]
Final regression models predicting HDL-C and HbA ¢ from self-rated health and
metabolic covariates in males and females

3.5 Sensitivity analysis

We reanalysed the data with expectation maximisation applied to missing values, to compare
the effects of different methods for resolving incomplete data (list wise deletion versus EM).
As observed in previous analysis, SRH failed to predict HDL-C (mmol/L), waist/hip ratio
(cm), and systolic/diastolic blood pressure (mmHg) after adjusting for metabolic covariates
(all p’s > 0.01). However, contrary to expectations, SRH significantly predicted BMI (kg/m2)
after metabolic adjustment (Model 3) (f =-0.12, p = 0.002). Furthermore, the previously
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significant SRH — HbA 1¢ association was no longer reliable (B =-0.06, p = 0.10). Collapsing
the data by MetS status (cases versus non-cases) did not change the results: SRH failed to
predict any metabolic variable after adjusting for metabolic covariates (Model 3) (all p’s >
0.004). Overall, sensitivity analysis indicated most findings were unaffected by the
management of missing data using expectation maximisation algorithms.

3.6 Structural equation modelling

We used SEM to explore direct and indirect associations between SRH and metabolic
abnormities. We were curious to see whether relations between SRH and metabolic factors
are indirect, mediated by lifestyle factors (e.g., SRH negates health-protective behaviours,
which in turn precipitate metabolic dysfunction) (8). Model fit was based on standard criteria:
chi-square ¥2 (CMIN) (p > 0.05), ¥2 (CMIN)/df < 5.00, root mean square error of
approximation (RMSEA) <0.07, comparative fit index (CFI) > 0.95, Tucker and Lewis Index
(TLI)>0.95, and normed fit index (NFI) >0.95 (57). Metabolic factors were allowed to affect
SRH, that in turn was allowed to predict lifestyle factors, which then affected metabolic
variables (representing a vicious cycle in which lifestyle was a mediating factor). SEM
analysis using IBM SPSS AMOS™ (version 26), with specification search, generated 192
candidate models, none of which provided a satisfactory fit. The ‘best’ model (BIC (Bayesian
Information Criterion) = 0, 2 (CMIN)/df < 5.00) suggested a cyclical relationship between
HDL-C, SRH, and alcohol intake. However, this model did not satisfy most other fit criteria:
CMIN (p <0.05), RMSEA (> 0.07), CFI (< 0.95), and TLI (< 0.95)) and was therefore
discarded.

4. DISCUSSION

There is currently a lack of research on psychosocial tools that primary care physicians can
use for detecting metabolic abnormalities in people diagnosed with T2DM. Overall, we found
little evidence SRH reliably predicts metabolic dysfunction in T2DM patients, after
accounting for metabolic covariates. This finding contradicts previous population-based study
suggesting SRH independently predicts metabolic variables, irrespective of health status (10).
Although that investigation controlled for physical illness (e.g., number of diseases), there
was no adjustment metabolic covariates. We argued this was problematic given metabolic
comorbidity (29-31), which may partly explain reported associations between SRH and
biomarkers. Our findings suggest the contribution of SRH to HDL-C and HbA1c when
stratified by gender is notable but negligible in the context of clinical biomarkers. SRH may
simply be a psychological manifestation of metabolic comorbidity (30, 31). For example,
given widespread awareness of HbAlc and its relevance in glycaemic control (58), a poor
HbA 1c¢ test result (or symptoms suggesting hyperglycaemia) is likely to be viewed as a sign
of poor health by most T2DM patients (59). Poor SRH may also reflect feedback from other
cardiometabolic tests highlighting metabolic dysfunction (60).

Future research needs to explore the role of gender in the relationship between SRH and
metabolic health. Evidence suggests women are less likely to achieve HbA lc targets, which
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may their affect health judgements. Women with diabetes are also more prone to blood sugar
changes overnight (nocturnal hypoglycaemia) (61), which perhaps may contribute to health
evaluations. Thus, there is a need to better understand women's greater sensitivity to HbAlc,
and whether SRH might be a useful indicator of poor glycaemic control in certain female
T2DM patients, irrespective of related metabolic abnormalities. This diagnostic utility
becomes especially relevant if HbAlc is used to define MetS (41). It is also necessary to
determine whether men and women use similar frames of reference when making judgements
about their health (62). For example, evidence suggests cholesterol management is worse in
women (63), including those with T2DM, and women with T2DM less frequently achieve
cholesterol targets compared with men (64). This suggests male and female T2DM patients
may have very different perceptions of health based on varied cardiometabolic profiles (65).

Despite a slight tendency for MetS cases to be older, age played no role in the association
between SRH and metabolic health. This is a curious finding given that age and metabolic
health are inextricably connected (56). Interestingly, previous studies with young people have
found SRH reliably predicts both mortality (14) and morbidity (15), despite their better health
status. However, it should be noted that some of this research examined disease conditions
characterised by overt symptoms or pain, such as infections, allergy and injuries (15), which
people are likely to perceive as indications of poor health. By contrast, the asymptomatic
nature of some cardiometabolic dysfunctions, such as hypertension (22) and obesity (23),
means people's SRH may not adequately capture underlying metabolic abnormalities,
regardless of their age.

Interestingly, the relationship between SRH and metabolic factors was unaffected by
MetS status. The concept of MetS as a distinct illness may have limited psychological
relevance in T2DM. There is considerable ambiguity even amongst health professionals
regarding what defines MetS, and different criteria have been proposed (2, 5). Awareness of
MetS is low, amongst both health care providers (66) and people at high risk (67). Thus,
diagnostic metabolic dysfunctions may not be experienced by T2DM patients as a sign of
poor health. Furthermore, it is notable the regression models (R’ values) were particularly
weak in predicting outcomes amongst patients who did not meet MetS criteria. Demographic
factors, notably age and gender, seemed particularly relevant in this group. Unfortunately, the
biological mechanisms underpinning gender differences, aging, and longevity, are
complicated and poorly understood (68, 69), and more research is needed to better understand
the interrelationships between demographic factors, SRH, and metabolic dysregulation in
T2DM patients.

4.1 Implications for primary care

Although management of type 2 diabetes (T2DM) typically occurs in primary care settings
(1), and physicians are tasked with using a ‘whole person’ approach (7), there has been a
paucity of evidence-based psychosocial diagnostic tools for detecting metabolic dysfunction
in T2DM patients. Our data suggests T2DM patients incorporate HDL-C and HbA1c
anomalies into their subjective health assessments. While this suggests SRH can be used to
screen for HDL-C deficiency in male patients, and elevated HbA 1¢ concentrations in female
patients, before they have developed overt clinical metabolic dysfunction (8), the added
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diagnostic value over clinical data is marginal at best. This raises an important question:
should T2DM patients be asked to rate their own health during routine medical assessments
or consultations with their primary care physician, pending further research? As this was a
single-cohort study with sex-stratified analyses, more research is needed to further explore
the gender-specific themes. For example, it remains unclear from the current data whether
female patients with poor SRH need to be prioritised for further blood tests, to measure
HbA 1c levels, or male patients with bleak SRH should be recommended for HDL-C testing.
Future studies should focus on the association between SRH and lipid profiles (10). Unlike
high blood sugar, which generates overt symptoms such as increased thirst, fatigue, or
frequent urination, patients with high cholesterol don’t typically show any symptoms, and
hence can be sent for further clinical assessment if they disclose poor SRH (6).

4.2 Limitations

This study did not assess triglycerides (> 1.7 mmol/L (150 mg/dl), which is an important
diagnostic criterion for MetS (2). Also, the analysis of HbAlc in place of fasting glucose is
debatable (5), albeit this reflects new MetS diagnostic criteria proposed by the IDF (41). The
assumption insulin resistance defines T2DM is problematic. Although poor insulin sensitivity
is characteristic of T2DM, it may not apply to nonobese patients (circa 10-15% of T2DM
patients) (43). Overall, it remains unclear how direct measures of insulin resistance, fasting
glucose, and triglycerides would have impacted the current findings. Given the paucity of
independent associations between SRH and metabolic factors in the current data, it is unlikely
adjusting for these additional biomarkers will dramatically alter the results. Nevertheless,
complex mediator effects are possible, and future research needs to further explore viable
indirect pathways, using SEM. Sensitivity analysis showed that most findings were
unaffected by the type of algorithm used to manage missing data. One notable exception was
a previously non-significant association between SRH and BMI (kg/m?), which became
significant after applying the expectation maximisation method. While this algorithm may
generate biased estimates and models (52), it is nevertheless essential that future research
authenticate the current findings by comparing different methods of handling incomplete
data. Another issue is that the Bonferroni adjustment may have increased the risk of a false
negatives (48). Finally, as this was a single-cohort study the findings require replication in
another cohort using the same research design.

4.3 Conclusions

While primary care professionals have a growing plethora of clinical options for detecting
metabolic abnormalities in T2DM, there has been limited research on useful psychological
tools for detecting metabolic dysfunction in this clinical population, despite the emphasis on a
holistic approach in primary care. This is the first study to assess the link between SRH and
metabolic dysfunction in T2DM patients, while accounting for metabolic comorbidity.
Overall, our findings suggest that while SRH may help primary care physicians identify
T2DM patients with HDL-C and HbA 1c¢ abnormalities, the added diagnostic utility over
clinical biomarkers is negligible.
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LIST OF ABBREVIATIONS

e EM — Expectation maximisation

e BMI - Body mass index

e HDL-C — High density lipoprotein (cholesterol)
e HSE — Health survey for England

e IDF — International diabetes federation

e LDL — Low density lipoprotein

e MetS — Metabolic syndrome

e NatCen — National centre for social research
e SEM - Structural equation modelling

e SRH — Self-rated health

e T2DM — Type 2 diabetes

e HE/FE — Higher education/Further education
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Table 1 — Sample characteristics by metabolic syndrome status.
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Whole Metabolic syndrome P
sample
Non-cases Cases

Age, n (%) > 65 years 332 (56.8%) 123 (53.2%) 208 (59.1%) P >0.01
Gender, n (%) male 316 (54.1%) 123 (53.2%) 193 (54.8%) P> 0.01
Socio-economic class, n 184 (32.9%), 77 (35.6%) 107 (31.4%) P> 0.01
(%) managerial, missing 25
professional, (4.3%)
intermediate
Ethnicity, n (%) White 486 (83.2%) 183 (79.2%) 302 (85.8%) P>0.01
Education, n (%) 105 (18%), 48 (48%) 57 (46.3%)  P>0.01
university/college degree missing 361
or equivalent (61.8%)
Cigarette smoking 2.28 (7.10) 2.25(6.59) 2.31(7.44) P>0.01
(number of cigarettes
smoked a day)
Alcohol consumption 183 (31.3%), 72 (31.3%) 111 (31.5%) P>0.01
frequency in past year, n missing 1
(%) not at all/non-drinker (0.2%)
Self-rated health, n (%) 335(57.4%) 111 (48.1%) 223(63.4%) P<0.01%*
“fair’/ ‘bad’/ ‘very bad’
health
HDL-C (mmol/L), n (%) 391 (67%) 101 (43.7%) 289 (82.1%) P<0.01*
<0.9
HDL-C (mmol/L) 1.25(0.33) 1.30(0.32) 1.18 (0.33) P<0.01*
Waist/hip ratio (cm), n 316 (54.1%) 146 (63.2%) 169 (48%) P<0.01*
(%) =0.85
Waist/hip ratio (cm) 0.96 (0.08) 0.94 (0.07) 0.98 (0.08) P<0.01*
BMI, n (%) > 30kg/m? 229 (39.2%) 18 (7.8%) 211 (59.9%) P<0.01*
BMI kg/m? 31.22 (6.11) 27.54(3.63) 33.41(6.25) P<0.01*
Systolic blood pressure, 82 (14%) 38 (16.5%) 43 (12.2%)  P>0.01
n (%) > 140 mmHg
Systolic blood pressure, 129 (16.18)  128.49 129.34 P>0.01
mmHg (15.96) (16.37)
Diastolic blood pressure, 14 (2.4%) 6 (2.6%) 8 (2.3%) P>0.01
n (%) > 90 mmHg
Diastolic blood pressure, 69.72 69.46 69.99 P>0.01
mmHg (10.53) (10.23) (10.84)
Hypertension 370 (63.4%) 60 (26%) 310 (88.1%) P<0.01%*
(diagnosed)
HbAlc, n (%) > 48 167 (28.6%) 102 (44.2%) 65(18.5%) P<0.01*

mmol/mol
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HbA1c, mmol/mol 57.5(16.56) 56.17 59.61 P>0.01
(15.05) (18.60)

All values are means (SDs), unless percentage (%) stated. P values relate to comparisons
between metabolic syndrome cases versus non-cases, are based on Chi-square or independent
samples t-tests (* indicates significant).



942  Table 2 Final regression models predicting metabolic factors from self-rated health and metabolic covariates in the whole sample
943

Outcome variables

Serum HDL BMI (kg/m?) Waist/hip ratio Systolic blood Diastolic blood  Glycated
cholesterol (cm) pressure pressure haemoglobin -
(mmol/L) (mmHg) (mmHg) HbAlc
(mmol/mol)
Predictors B B B B B B
(Model 3) 95%CI 95%CI 95%CI 95%CI 95%ClI 95%CI
[LL, UL], beta [LL, UL], beta [LL, UL], beta [LL, UL], beta [LL, UL], beta [LL, UL], beta
Demographics,
lifestyle factors
Age (three-year bands 0.01 -0.36 0.00 2.66 -1.67 -0.52
for 0-15, five-year [-0.00, 0.03], [-0.70,-0.02],-  [0.00, 0.01], [1.77,3.55], [-2.22,-1.13],-  [-1.69, 0.64], -
bands for ages 16+) 0.11 0.172 0.20° 0.45°¢ 0.41°¢ 0.07
Gender (male =1, -0.08 -3.31 0.09 3.84 -1.99 0.55
female = 0) [-0.20, 0.02], - [-5.08,-1.54],-  [0.07,0.11], [-1.33,9.02], [-5.18, 1.19], - [-5.70, 6.80],
0.13 0.31¢ 0.55¢ 0.11 0.09 0.01
Socio-economic class -0.00 -0.00 0.00 0.73 -0.18 -0.21
(eight categories, coded [-0.03, 0.03], - [-0.54, 0.53], - [-0.00, 0.01], [-0.78, 2.25], [-1.12,0.75], - [-2.04, 1.62], -
0 to 7: 0 = higher 0.01 0.00 0.05 0.06 0.02 0.01

managerial/professional,
7 = never worked or
unemployed)




25

Ethnicity (White = 1,

non-white = 0)

Lifestyle factor:

Smoking (number of
cigarettes smoked per

day)
Lifestyle factor:

Alcohol consumption
(frequency drunk in past

12 months)

Self-rated health

(very good/good =1,
fair/bad very bad = 0)

Anthropometric
Markers
BMI (kg/m?)

Waist/hip ratio (cm)

Biomarkers

Serum HDL cholesterol

(mmol/L)

Systolic blood pressure

(mmHg)

-0.02

[-0.16, 0.12], -
0.02

-0.00

[-0.01, 0.00], -
0.11

-0.03
[-0.05, -0.01], -
0.22b

0.08
[-0.01, 0.17],
0.12

-0.00

[-0.01, 0.00], -
0.07

-0.53
[-1.24,0.17], -
0.12

0.00
[-0.00, 0.00],
0.10

3.64
[1.43,5.86],
0.24¢

-0.02

[-0.11, 0.06], -
0.03

0.24
[-0.10, 0.58],
0.10

-0.39
[-1.92, 1.12], -
0.03

20.18
[9.13, 31.22],
0.31¢

-1.24

[-3.65, 1.17], -
0.07

0.01

[-0.03, 0.06],
0.04

-0.00

[-0.03, 0.02], -
0.03

0.00

[-0.00, 0.00], -
0.03

-0.00
[-0.00, 0.00], -
0.01

-0.01
[-0.03, 0.00], -
0.07

0.00
[0.00, 0.00],
0.22¢

-0.02
[-0.05, 0.00], -
0.09
0.00
[-0.00, 0.00], -
0.00

-1.64

[-8.10, 4.82, -
0.03

0.09

[-0.16, 0.36],
0.04

-0.23
[-1.21, 0.74], -
0.03

-2.22
[-6.53, 2.08], -
0.06

0.12
[-0.30, 0.55],
0.03

-1.81

[-34.28, 30.65], -
0.00

4.19
[-2.62, 11.01],
0.08

-3.54
[-7.48,0.39], -
0.11

-0.00

[-0.16, 0.16], -
0.00

0.01
[-0.59, 0.61],
0.00

0.81
[-1.84, 3.46],
0.03

0.14

[-0.12, 0.40],
0.07

6.39

[-13.54, 26.34],
0.04

2.18

[-2.01, 6.38],
0.06

0.31

[0.23, 0.39],
0.47¢

4.76
[-2.97, 12.49],
0.09
-0.01
[-0.33, 0.30], -
0.00

-0.61
[-1.78, 0.55], -
0.08

-5.38
[-10.51, 0.25], -
0.15%

-0.02

[-0.54, 0.48], -
0.00

18.05

[-20.84, 56.95],
0.08

10.10

[-18.19, -2.02], -
0.19?

-0.07
[-0.25,0.10], -
0.06
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Diastolic blood pressure  0.00

(mmHg) [-0.00, 0.001],
0.08

Glycated haemoglobin - -0.00

HbA 1¢c (mmol/mol) [-0.00, -0.00], -
0.17#

R (adjusted R?) 0.23 (0.18)

F F(12,171)=
4.35,p<0.001

0.04
[-0.04, 0.13],
0.09

-0.00

[-0.04, 0.04], -
0.00

0.19 (0.14)
F(12,171)=
3.51, p <0.001

0.00

[-0.00, 0.00],
0.04

0.00

[0.00, 0.00], 0.05

0.41 (0.37)
F(12,171)=
9.94, p < 0.001

0.82
[0.60, 1.03],
0.53¢

-0.05

[-0.17, 0.07], -
0.05

0.34 (0.29)
F(12,171)=
7.47, p <0.001

0.11
[0.03, 0.18],
0.18"

0.40 (0.36)
F(12,171)=
9.86, p < 0.001

0.43
[0.14, 0.72],
0.26b

0.40 (0.16)
F(12,171)=
2.84,

p =0.001

Note. Model 1 (+ demographics, lifestyle factors), Model 2 (+ SRH), Model 3 (+ cardiometabolic covariates). Coefficients shown are from final

step (Model 3).

a(p < 0.05), *(p < 0.01), *(p < 0.001)



963  Table 3 Final regression models predicting metabolic factors from self-rated health and metabolic covariates in T2DM patients with
964  MetS
965

Outcome variables

Serum HDL BMI (kg/m?) Waist/hip ratio Systolic blood Diastolic blood  Glycated
cholesterol (cm) pressure pressure haemoglobin -
(mmol/L) (mmHg) (mmHg) HbAlc
(mmol/mol)
Predictors B B B B B B
(Model 3) 95%CI 95%ClI 95%CI 95%CI 95%CI 95%CI
[LL, UL], beta [LL, UL], beta [LL, UL], beta [LL, UL], beta [LL, UL], beta [LL, UL], beta
Demographics,
Lifestyle factors
Age (three-year bands 0.00 -0.75 0.00 2.01 -1.78 -1.59
for 0-15, five-year [-0.04, 0.04], [-1.21,-0.30],-  [-0.00, 0.01], [0.17, 3.84], [-2.77,-0.80],-  [-3.88, 0.68], -
bands for ages 16+) 0.00 0.44¢ 0.17 0.292 0.41°¢ 0.20
Gender (male =1, -0.09 -3.59 0.12 3.53 0.66 -5.18
female = 0) [-0.34, 0.14], - [-6.26, 0.92], - [0.09, 0.16], [-7.38, 14.44], [-5.58, 6.91], [-18.48, 8.11], -
0.14 0.42° 0.74c 0.10 0.03 0.13
Socio-economic class 0.01 -0.21 0.00 -1.32 -0.21 -1.16
(eight categories, coded  [-0.05, 0.07], [-0.93, 0.50], - [-0.00, 0.02], [-4.10, 1.45], - [-1.81, 1.38], - [-4.57,2.23], -
0 to 7: 0 = higher 0.03 0.06 0.12 0.10 0.02 0.07

managerial/professional,
7 = never worked or
unemployed)



Lifestyle factor:

Smoking (number of
cigarettes smoked per

day)
Lifestyle factor:

Alcohol consumption
(frequency drunk in past

12 months)

Self-rated health

(very good/good =1,
fair/bad very bad = 0)

Anthropometric
Markers
BMI (kg/m?)

Waist/hip ratio (cm)

Biomarkers

Serum HDL cholesterol

(mmol/L)

Systolic blood pressure

(mmHg)

Diastolic blood pressure

(mmHg)

-0.00
[-0.01, 0.00], -
0.08

-0.03
[-0.07, 0.00],
0.23

0.09
[-0.07, 0.25],
0.13

-0.00
[-0.02, 0.01],
0.05

-0.49

[-1.83, 0.84],
0.12

0.00
[-0.00, 0.00],
0.16
0.00
[-0.00, 0.01],
0.05

-0.05
[-0.16, 0.06], -
0.10

0.23
[-0.20, 0.67],
0.13

-0.19
[-2.10, 1.71], -
0.02

15.41
[0.22, 30.59],
0.31

-0.61
[-3.54,2.31], -
0.05

0.01

[-0.05, 0.07],
0.04

0.05

[-0.06, 0.16],
0.13

0.00
[-0.00, 0.00], -
0.02

-0.00
[-0.00, 0.00, -
0.03

-0.01
[-0.04, 0.01], -
0.07

0.00
[0.00, 0.00],
0.19*

-0.01
[-0.06, 0.03], -
0.07

0.00

[-0.00, 0.00],
0.05

-0.00

[-0.00, 0.00], -
0.11

-0.14
[-0.58, 0.30], -
0.06

0.78
[-0.93, 2.50],
0.10

1.51
[-5.88, 8.91],
0.04

0.16
[-0.81, 1.13],
0.04

16.21

[-44.50, 76.93],
0.08

6.82
[-4.43, 18.08],
0.14

0.88
[0.50, 1.26],
0.56¢

0.02
[-0.23, 0.27],
0.01

0.00
[-0.98, 0.98],
0.00

-0.33
[-4.56, 3.89], -
0.01

0.25

[-0.30, 0.80],
0.10

-16.83

[-51.30, 17.63],
20.13

1.11
[-5.37,7.61],
0.03

0.29

[0.16, 0.41],
0.45¢

28

-0.29
[-0.83, 0.24], -
0.12

112
[-3.22, 0.96], -
0.13

-6.26
[-15.16, 2.63], -
0.16

-0.91
[-2.08, 0.25], -
0.19

28.95

[-44.93, 102.84],
0.12

_12.94

[-26.45, 0.56], -
0.23

-0.16
[-0.47,0.13], -
0.14

0.43

[-0.09, 0.96],
0.23
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Glycated haemoglobin - -0.00 -0.04 0.00 -0.11 0.09 _
HbA1c (mmol/mol) [-0.00, 0.00], - [-0.09, 0.01], - [-0.00, 0.00], [-0.31, 0.09], - [-0.02, 0.21],
0.23 0.18 0.07 0.12 0.17
R? (adjusted R?) 0.24 (0.11) 0.29 (0.17) 0.56 (0.49) 0.34 (0.23) 0.46 (0.37) 0.26 (0.13)
F F(11,63)= F(11,63)= F(11,63)= F(11,63)= F(11,63)= F (11, 63)=2.01,

1.85, p>0.05 244, p<0.05 759, p<0.001 3.03, p<0.01 499, p<0.001 p<0.05

966

967  Note. Model 1 (+ demographics, lifestyle factors), Model 2 (+ SRH), Model 3 (+ cardiometabolic covariates). Coefficients shown are from final
968  step (Model 3). Ethnicity was excluded due to low frequencies for non-whites [check this]
969

970  *(p <0.05), °(p <0.01), *(p < 0.001)
971

972

973

974

975

976

977

978

979

980

981

982

983

984

985

986

987

988
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Table 4 Final regression models predicting metabolic factors from self-rated health and metabolic covariates in T2DM patients without

Age (three-year bands
for 0-15, five-year
bands for ages 16+)
Gender (male =1,
female = 0)

Socio-economic class
(eight categories, coded
0 to 7: 0 = higher
managerial/professional,
7 = never worked or
unemployed)

0.02
[-0.00, 0.05],
0.19

-0.09

[-0.23, 0.04], -
0.14

-0.01

[-0.05, 0.03], -
0.05

0.02
[-0.36, 0.40],
0.01

.34
[-4.15,-0.53], -
0.28

0.39

[-0.19, 0.98],
0.13

0.00
[0.00, 0.01],
0.30°

0.06

[0.03, 0.09],
0.43¢

0.00

[-0.00, 0.01],
0.04

2.72
[1.60, 3.83],
0.45¢
1.97
[-4.04, 7.99],
0.06
1.92
[0.03, 3.81],
0.16°

-1.51
[-2.28, -0.73], -
0.38¢

2.92

[-6.90, 1.06], -

0.13

-0.38

[-1.66, 0.90], -

0.04

MetS
Outcome variables
Serum HDL BMI (kg/m?) Waist/hip ratio Systolic blood Diastolic blood  Glycated
cholesterol (cm) pressure pressure haemoglobin -
(mmol/L) (mmHg) (mmHg) HbAlc
(mmol/mol)
Predictors B B B B B B
(Model 3) 95%CI 95%ClI 95%CI 95%CI 95%CI 95%CI
[LL, UL], beta [LL, UL], beta [LL, UL], beta [LL, UL], beta [LL, UL], beta [LL, UL], beta
Demographics,
Lifestyle factors

0.62
[-2.09, 0.83], -
0.10

2.74
[-4.35,9.84],
0.08

0.28

[-1.98, 2.56],
0.02




Ethnicity (White = 1,

non-white = 0)

Lifestyle factor:

Smoking (number of
cigarettes smoked per

day)
Lifestyle factor:

Alcohol consumption
(frequency drunk in past

12 months)

Self-rated health

(very good/good =1,
fair/bad very bad = 0)

Anthropometric
Markers
BMI (kg/m?)

Waist/hip ratio (cm)

Biomarkers

Serum HDL cholesterol

(mmol/L)

Systolic blood pressure

(mmHg)

0.00

[-0.16, 0.17],
0.00

-0.00

[-0.01, 0.00], -
0.15

-0.03
[-0.05, -0.00], -
0.22°

0.06
[-0.06, 0.18],
0.09

-0.00
[-0.01,0.01], -
0.04

-0.57

[-1.50, 0.36], -
0.13

0.00
[-0.00, 0.00],
0.04

1.77

[-0.51, 4.06],
0.17

-0.00

[-0.11, 0.10], -
0.01

0.13
[-0.24, 0.51],
0.07

-0.27
[-1.98, 1.43], -
0.03

9.33
[-3.12, 21.79],
0.17

-0.69
[-3.40, 2.01], -
0.05
-0.01
[-0.07, 0.04], -
0.06

-0.00

[-0.04, 0.03], -
0.03

0.00

[-0.00, 0.00], -
0.04

0.00
[-0.00, 0.00],
0.00

-0.01
[-0.03, 0.01], -
0.06

0.00
[-0.00, 0.00],
0.13

-0.02
[-0.07, 0.01], -
0.11
0.00
[-0.00, 0.00], -
0.05

1.26
[-6.21, 8.75],
0.03
0.17
[-0.17, 0.51],
0.08

-0.51
[-1.73,0.71], -
0.07

4.52
[-9.95,0.91], -
0.13

0.17

[-0.82, 0.48], -
0.04

9.32

[-49.94, 31.29], -
0.04

1.50
[-7.23,10.23],
0.03

31

-5.45

[-10.32, -0.57], -
0.20?

-0.04
[-0.27,0.19], -
0.03

0.01
[-0.80, 0.83],
0.00

2.16
[-1.49, 5.81],
0.10

0.02
[-0.41, 0.46],
0.00

19.17

[-7.69, 46.04],
0.13

2.97
[-2.82, 8.78],
0.09
0.32
[0.21, 0.44],
0.50°

7.67

[-1.02, 16.37],
0.19

0.25

[-0.15, 0.66],
0.12

0.44
[-0.99, 1.89],
0.06

-3.35
[9.83,3.11], -
0.10

0.15
[-0.61,0.93],
0.04

15.81

[-32.07, 63.70],
0.07

-5.57
[-15.82, 4.67], -
0.11

0.01

[-0.22, 0.25],
0.01



992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012

Diastolic blood pressure
(mmHg)

Glycated haemoglobin -
HbAlc (mmol/mol)

R (adjusted R?)
F

0.00

[-0.00, 0.01],
0.11

-0.00

[-0.00, 0.00], -
0.10

0.21 (0.12)
F(12,96) =
224, p<0.05

0.00

[-0.08, 0.09],
0.01

0.01

[-0.04, 0.06],
0.04

0.12 (0.01)
F(12,96) =
1.14, p>0.05

0.00

[0.00, 0.00], 0.15

0.00
[-0.00, 0.00],
0.06

0.33 (0.25)
F(12,96) =

3.99, p<0.001

0.73

[0.47, 1.00],
0.48¢

0.01

[-0.15, 0.18],
0.01

0.42 (0.35)
F(12,96) =
5.93, p<0.001

[0.01, 0.24],

0.40 (0.33)
F(12,96) =
5.47, p<0.001

32

0.40
[0.05, 0.75],
0.27°

0.17 (0.06)
F(12,96) = 1.66,

p > 0.05

a(p < 0.05), °(p < 0.01), <(p < 0.001)

Note. Model 1 (+ demographics, lifestyle factors), Model 2 (+ SRH), Model 3 (+ cardiometabolic covariates). Coefficients shown are from final
step (Model 3).



1013 Table S Final regression models predicting HDL-C and HbA1lc from self-rated health and metabolic covariates in males and females
1014

Outcome variables

Serum HDL cholesterol (mmol/L)

Glycated haemoglobin - HbAlc

(mmol/mol)
Female Male Female Male
Predictors B B B B
(Model 3) 95%CI 95%CI 95%CI 95%CI
[LL, UL], beta [LL, UL}, beta [LL, UL], beta [LL, UL], beta
Demographics,
lifestyle

Age (three-year bands
for 0-15, five-year
bands for ages 16+)
Socio-economic class
(eight categories, coded
0 to 7: 0 = higher
managerial/professional,
7 = never worked or
unemployed)

Ethnicity (White =1,
non-white = 0)
Lifestyle factor:
Smoking (number of

0.03
[0.00, 0.06], 0.29*

0.00
[-0.04, 0.05], 0.01

-0.27
[-0.52, -0.03], -0.27°
-0.00

[-0.01, 0.00], -0.10

-0.01
[-0.05, 0.01], -0.13

-0.02
[-0.06, 0.02], -0.08

0.11
[-0.07, 0.29], 0.12
-0.00

[-0.01, 0.00], -0.12

0.07
[-1.46, 1.62], 0.01

-0.72
[-3.35, 1.90], -0.05

2.87

[-10.02, 15.76], 0.05
0.07

[-0.36, 0.50], 0.03

-2.22
[-4.06, -0.37], -0.29°

-0.47
[-3.04, 2.08], -0.03

3.63
[-6.70, 13.98], 0.07
-0.01
[-0.47, 0.44], -0.00



1015

cigarettes smoked per

day)
Lifestyle factor:

Alcohol consumption
(frequency drunk in past

12 months)

Self-rated health
(very good/good =1,

fair/bad very bad = 0)

Cardiometabolic
factors
BMI (kg/m?)

Waist/hip ratio (cm)

Serum HDL cholesterol

(mmol/L)

Systolic blood pressure

(mmHg)

Diastolic blood pressure

(mmHg)

Glycated haemoglobin -

HbAlc (mmol/mol)

R’ (adjusted R?)
F

-0.03
[-0.06, -0.00], -0.23°

0.02
[-0.12, 0.17], 0.04

0.00

[-0.01,0.01], 0.02
112

[-2.14, -0.09], -0.232

0.00

[-0.00, 0.00], 0.17
0.00

[-0.00, 0.01], 0.06
-0.00

[-0.00, 0.00], -0.18

0.32 (0.21)

F(11,72)=3.10,p <

0.01

-0.03
[-0.05, 0.00], -0.20°

0.16
[0.03, 0.29], 0.25

-0.01
[-0.03, 0.00], -0.22
0.19

[-0.99, 1.39], 0.04

0.00

[-0.00, 0.00], 0.11
0.00

[-0.00, 0.01], 0.05
-0.00

[-0.00, -0.00], -0.24°

0.25 (0.16)

F(11,88)=2.73,p <

0.01

0.54
[-1.17,2.27], 0.07

-9.30
[-16.68, -1.93], -0.27"

0.43
[-0.28, 1.15], 0.13
17.25

[-36.56, 71.07], 0.07
9.61

[-21.37,2.13], -0.18
-0.01

[-0.26, 0.24], -0.01
0.45

[0.08, 0.83], 0.31°

0.31(0.21)
F(11,72)=3.04, p < 0.01

34

-1.89
[-3.51,-0.26], -0.24*

0.68
[-6.59, 7.97], 0.01

-0.93

[-1.81, -0.05], -0.26
45.01

[-20.80, 110.83], 0.16
~14.09

[-25.52, -2.66], -0.25"
-0.06

[-0.32, 0.20], -0.05
0.28

[-0.18, 0.75], 0.15

0.21 (0.11)
F(11,88)=2.21,p<0.05




1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035

35

Note. Model 1 (+ demographics, lifestyle factors), Model 2 (+ SRH), Model 3 (+ cardiometabolic covariates). Coefficients shown are from final
step (Model 3).

a(p < 0.05), °(p < 0.01), *(p < 0.001)



1036 Figure 2 Diagnostic criteria for metabolic syndrome based on WHO (1999) guidelines (Source: Saklayen, 2018)
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INSULIN
RESISTANCE or
BLOOD GLUCOSE
> 6.1 mmol/L (110

mg/dl), 2h glucose
>7.8 mmol (140
mg/dl) (required)

HDL
CHOLESTEROL
< 0.9 mmol/L (35
mg/dl) in men,
< 1.0 mmol/L (40
mg/dl) in women

BLOOD
PRESSURE
> 140/90
mmHg

4 N
BIOMARKERS
FOR
METABOLIC
SYNDROME

. S

ANTHROPOMETRIC
MARKERS:
Waist/hip ratio > 0.9
(men) or >0.85
(women) or BMI
>30 kg/m2

TRIGLYCERIDES
> 1.7 mmol/L
(150 mg/dl)

1038
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Health Survey for
England sample size
(SPSS data file)

(n=10,300)

Figure 2 Flow Diagram

Eligible
Has Type 2 diabetes
(n =584 (5.7%))

Ineligible
(n=9,715 (94.3%))
Major reasons for ineligibility
Has Type 1 diabetes (56 (0.5%))
Not been told whether they have Type 1 or
Type 2 diabetes (18 (0.2%))
Not sure which type of diabetes (38 (0.4%))
Missing data or N/A (9603 (93.2%))

Metabolic data
BMI (n=463)
Diastolic BP (n=350)
Systolic BP (n=350)
Waist/hip ratio (n=347)
HDL-C (n=233)
HbAlc (n=232)
Self-rated health
(n=584)

Exclusion
None. We included three (0.5%) patients
Type 2 diabetes patients not told by a
doctor they had diabetes.

v

Eligible
Assessed on criteria for
metabolic syndrome
(n =583 (0.2% of
sample with Type 2
diabetes))

Missing
BMI (n=121 (20.7%))
Diastolic BP (n=234 (40.1%))
Systolic BP (n=234 (40.1%))
Waist/hip ratio (n=237 (40.6%))

HDL-C (n=351 (60.1%))

HbAlc (n=352 (60.3%))
Self-rated health (n=0 (0%))

\4

Exclusion
Missing data for one case (0.2% of sample
with Type 2 diabetes).

Just over 60% of patients met the criteria for metabolic syndrome
(n= 352 (60.3%)), based on presence of Type 2 diabetes, and any
two of HDC-C < 0.9, BMI > 30, or having hypertension. The
remainder (n =231 (39.6%)) did not meet the criteria.

Metabolic syndrome
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