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I. Abstract 

Metabolic dysfunction-associated steatotic liver disease (MASLD), defined as excessive liver 

fat in the presence of ≥1 cardiometabolic factors (obesity, diabetes, hypertension or 

dyslipidaemia), affects 25-30% of the global population. Epidemiological evidence on how 

different dietary fatty acids are associated with MASLD and with overall liver fat content is 

unclear. This thesis investigated the associations between saturated (SFAs), polyunsaturated 

(PUFAs), and monounsaturated (MUFAs) fatty acids, assessed by both dietary questionnaires 

and blood measurements, with liver fat outcomes. In addition, it looked at the associations 

between liver steatosis and very low-density lipoprotein (VLDL) triglycerides (TG) fatty acid 

composition. 

In prospective analyses, associations between dietary fatty acids intake and liver fat content 

were explored among 9,268 participants from the UK Biobank. The associations between 

dietary fatty acids intake and MASLD were assessed in 12,031 participants from the same 

cohort. In observational analyses of 7,206 participants, associations between plasma fatty acids 

and liver fat were explored. In an additional cross-sectional analysis of 125 participants, the 

associations between liver steatosis and the fatty acid composition of plasma VLDL-TG were 

studied.  

A 5% increase in SFAs dietary intake was associated with higher liver fat content (+5.6 % 

difference in liver fat geometric mean [CI: 3.3%-8.0%]), while a 5% increase in PUFAs dietary 

intake was associated with lower liver fat content (–4.7% [–8.3% to –0.9%]). MUFAs dietary 

intake showed non-significant associations. In subgroup analyses, associations between SFAs 

intake and liver fat were stronger in men, and in participants with higher visceral adipose tissue. 

Stearic and oleic acid exhibited the strongest associations with liver fat content. 
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Higher SFAs and higher MUFAs intake were associated higher odds 

of MASLD (OR: 1.25 [1.12–1.40]: p<0.001) and OR: 1.25 [95% CI: 1.12–1.40]; p < 0.001), 

respectively). No significant associations were found between dietary PUFAs and MASLD. 

Stearic and palmitic acid exhibited the strongest associations with MASLD. 

Higher plasma SFAs and MUFAs % were both associated with higher levels of liver fat 

content, and higher plasma PUFAs % were associated with lower levels of liver fat content. 

The associations observed remained similar when analyses were restricted to fasting 

participants. Liver steatosis was associated with high VLDL-TG SFAs% after adjusting for age 

and sex, but the association became non-significant after further adjustment for body mass 

index, and no significant associations were observed for PUFAs or MUFAs.  

While the results for PUFAs and MUFAs were less consistent, SFAs presented positive 

associations with liver fat outcomes across analyses. The results suggest that SFAs, regardless 

of individual fatty acid, play a harmful role in relation to liver fat and MASLD. These findings 

reinforce current UK dietary guidelines, which recommend reducing SFAs intake (<10% of 

energy) due to risks of cardiovascular illness, further supporting these recommendations with 

the observed associations between SFAs and liver fat outcomes. Further research into the 

mechanisms linking dietary fatty acids and MASLD is needed to confirm the most effective 

dietary interventions that could reduce the prevalence and severity of this condition. 
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II. Abbreviations 

CVD: cardiovascular disease 

FA: fatty acids 

HDL: high-density lipoprotein 

IHTG: intrahepatic triglyceride 

LDL: low-density lipoprotein 

MASLD: metabolic-dysfunction associated steatotic liver disease 

MetALD: metabolic and alcohol associated steatotic liver disease 

MUFAs: monounsaturated fatty acids 

OCDEM: Oxford Centre of Diabetes Endocrinology and Metabolism 

OR: odds ratio 

PDFF: proton density fat fraction 

PUFAs: polyunsaturated fatty acids 

SFAs: saturated fatty acids 

SLD: steatotic liver disease 

TG: triglycerides 

VLDL: very low-density lipoprotein 

VLDL-TG: very low-density lipoprotein triglycerides 

kJ: kilojoules 
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1 Introduction 

1.1 Liver fat accumulation: NAFLD, MASLD and liver steatosis  

The liver acts as a coordinating centre for energy and metabolism, and plays a vital role as an 

endocrine organ, regulating blood glucose, lipids and albumin levels, and removing toxic 

substances from the body (1). While it usually contains fat, an excess of adipose tissue can lead 

to harmful accumulation, disrupting its structure and functions (2). This excess of >5% of liver 

fat is defined as liver steatosis (3). Since 1850, steatosis has been described and associated with 

many factors, such as physical activity and diet, but mainly with alcohol intake. In 1980 the 

term “non-alcoholic” was used by Ludwig for the first time, to refer to patients with steatosis 

that was not caused by excessive alcohol consumption (4, 5). NAFLD (non-alcoholic fatty liver 

disease) was, until very recently, used to describe the first step of a spectrum of steatotic liver 

disease in patients who did not demonstrate excessive drinking behaviours, and it is still used 

in recently published literature, and in guidelines from the National Institute for Health and 

Care Excellence (NICE) (3, 6). However, with the introduction of new definitions based on a 

Delphi global consensus in 2023, the term NAFLD was replaced by a set of definitions under 

the concept of steatotic liver disease (SLD)(7). These new definitions were included to reduce 

stigmatising patients, include comorbidities, and to be more specific that NAFLD, which was 

solely based on steatosis without excessive alcohol consumption, and therefore considered an 

“exclusion diagnosis”. As most of the literature and published epidemiological studies use the 

term NAFLD, the evidence on NAFLD will also be included in this thesis. SLD categorises 

patients with steatosis into five groups according to the main factor that drives excessive liver 

fat accumulation. MASLD (metabolic dysfunction-associated steatotic liver disease), defined 

as SLD in the presence of one of five cardiometabolic factors, has been adopted as a 

replacement of the term NAFLD, to include the role of comorbid conditions, and to improve 

patient acceptability while moving away from and exclusion diagnosis (7). It is estimated that 
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NAFLD (now MASLD) affects approximately one fourth of the global adult population and is 

currently the most rapidly growing contributor to liver mortality and morbidity globally (8, 9). 

It is estimated to have an economic burden of 35 billion euros each year in Germany, France 

Italy and the UK combined, which is in line with estimates of the economic burden of diabetes 

and heart disease (10).  

MASLD can progress from simple steatosis to steatohepatitis (steatosis and inflammation of 

the organ) (Figure 1.1). Up to that point, this is reversible, but if liver fat accumulation persists, 

it can lead to irreversible conditions such as fibrosis (scars in the liver due to the death of liver 

cells), and finally to cirrhosis (patterns of complete fibrosis). It has been estimated that SLD 

will be the first cause of liver transplant by 2030 (11). There is a wide range of diagnostic tools, 

all of which have different specificity and sensitivity and are usually applied depending on the 

context of the patient and stage of SLD (6).  

 

Figure 1.1 Steatosis spectrum Adapted from Wang et. al (12). Created with biorender.com 

 

1.2 Risk Factors for excessive liver fat accumulation 

Socioeconomic status, type 2 diabetes, and carrying certain genetic variants (e.g. patatin-like 

phospholipase domain-containing protein 3 (PNPLA-3) and Transmembrane 6 superfamily 2 

human (TM6SF2)) are well-established risk factors for NAFLD (13). High total body fat is 
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also considered a key risk factor: obesity is associated with excessive liver fat accumulation, 

due to the increase in fat tissue and lipid accumulation within the liver cells (14). However, 

liver steatosis does not only occur in individuals living with obesity: NAFLD prevalence 

among non-obese, also known as ‘lean NAFLD’, is estimated to be 7–20% (15). There is 

currently no pharmacological treatment approved for reducing liver fat outcomes, and medical 

advice focuses on avoiding sedentarism and hypercaloric diets, which are modifiable risk 

factors (6).  

The pathogenesis of liver steatosis follows a “two hit” model: insulin resistance promotes 

hepatic steatosis leading to oxidative stress and liver injury, which in turn promotes cell 

necrosis and inflammatory reactions (3). Imbalances between fatty acids (FA) input and 

disposal pathways drive fat accumulation, and when the liver exceeds its capacity to remove 

fatty acids, it stores them as triglycerides (TG) (16). 

Fat accumulation in the liver appears to act through impairments in lipid storage and lipolysis 

(breaking down of adipose tissue into fatty acids into the bloodstream), and certain 

macronutrients may influence these changes differently (17-19). Excess calorie intake 

influences metabolic pathways that lead to liver fat accumulation, which explains why 

hypercaloric diets are associated with NAFLD (19). However, it still has not been fully 

understood how different macronutrients relate to liver fat accumulation, independently of 

calorie intake (18). Due to the public health relevance of this illness, and the need for clear 

evidence to guide dietary advice to prevent it, ongoing research is focusing on dietary 

macronutrients and whether they independently affect the risk of developing MASLD. Recent 

studies have focused on the role of different dietary carbohydrates, protein, energy restriction, 

and fat quality (20, 21). Currently, there is no consistent advice on the types of dietary fat 

recommended for MASLD prevention (22). 
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Dietary FA may relate in opposite directions to liver fat accumulation in the liver, possibly due 

to variations in liver metabolism, and the metabolic pathways that fatty acids are prone to go 

through (23). Fatty acids can enter the liver from several sources, including from diet and 

adipose tissue, as detailed in Figure 1.2 (adapted from Hodson et al.) (24). There, they can be 

esterified into TG and become part of the TG storage pool.  Adipose tissue can break down 

(lipolysis) and release non-esterified fatty acids (NEFAs), which enter the liver. Fatty acids are 

removed from the liver by either secretion as VLDL-TG or by oxidation, as it can be observed 

in Figure 1.2 (24). 

 

Figure 1.2 Key intrahepatic pathways of fatty acid metabolism, intake and disposal. DNL: de novo lipogenesis. 

FA: fatty acids. VLDL-TG: very-low density lipoprotein TG: triglycerides 

Different fatty acids may relate differently to liver fat, due to differences in the partitioning of 

fatty acids into oxidation or storage pathways, or different associations with de novo 
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lipogenesis (DNL), leading to reductions in FA produced in the liver (23, 25-27). However, 

these observations have not been fully elucidated in human livers. 

1.3 Dietary fatty acids and subtypes 

1.3.1 Fatty acids  

Fatty acids are vital components of lipids and cell membranes in the human body. They play a 

key role in structure and take part in complex metabolic pathways with major biological roles. 

Fatty acids have a significant role in energy production and metabolism and can be produced 

endogenously or obtained only through diet, which are termed “essential fatty acids” (28).  

Fatty acids are composed of a chain of carbon atoms with hydrogen and oxygen. They are 

called carboxylic compounds: they contain a carboxyl group (–COOH), which consists of a 

carbonyl (C=O) bonded to a hydroxyl (–OH) group. They have a systematic name by 

International Union of Pure and Applied Chemistry (IUPAC) and a common name. Fatty acids 

can be classified due to their structure and based on their degree of unsaturation. Unsaturation 

is a double bond in cis-configuration, which means that those without this double bond are 

saturated fatty acids, those with one are monounsaturated fatty acids, and those with multiple 

double bonds are polyunsaturated fatty acids (28).  
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Figure 1.3  shows three fatty acids abundant in diet, as examples of the three different structure 

groups mentioned.  

 

Figure 1.3 Examples of SFAs, MUFAs and PUFAs, from Tvrzicka et al. (28). 

 Stearic acid has no double bonds and is therefore an SFA. Oleic acid, a MUFA has only one 

double bond, located in carbon 9 and linoleic acid, a PUFA, contains more than one double 

bond (28). PUFAs can be sub-classified into n-3 (or omega-3) and n-6 (or omega-6) PUFAs 

based on the position of the first double bond from the methyl (omega) end of the fatty acid 

chain. Due to their different molecular structures, they present different fluidity characteristics 

that explain their different functions in human metabolism (28), and may also contribute to 

their differing relationship with liver fat. For example, omega-3s may reduce liver fat by 

enhancing oxidation while excess omega-6s, especially with a high omega-6/omega-3 ratio, 

may promote hepatic steatosis (28). SFAs can usually be found in fat from animal sources and 

tropical plant oils (e.g. coconut, palm). Unsaturated FAs can be found in vegetable oils (such 

as olive oil for MUFAs; sunflower oil and soybean oil for n-6 PUFAs; flaxseed oil for n-3 

PUFAs) and marine sources (algae and fish oils). 
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1.4 Evidence on dietary fatty acids and liver fat accumulation  

A literature search was carried out in the databases MedLine and Embase, to understand the 

available evidence in regards to dietary fatty acids and liver fat accumulation in adults. The 

searches were limited to English language and full text, and for research carried out in humans. 

Additionally, email alerts were configured to notify of any newly published literature that 

aligns with the specified search criteria.  

1.4.1 Evidence from observational studies 

Fourteen observational studies were found, with sample sizes that varied from 36 to 32,448 

participants (Table 1.1). These studies were heterogeneous in regards to the population 

background, ethnicity, underlying health conditions and age. In addition, the covariates 

adjusted for varied, and control for energy intake, a key factor in these associations, was not 

carried out in six of them. In addition, in 2023 a systematic review and meta-analysis of 28 

observational studies looked at dietary fats and NAFLD and found that excessive calorie intake 

was associated with NAFLD, but there were no significant associations between dietary SFAs, 

MUFAs, or PUFAs and NAFLD (29). Key limitations included high heterogeneity among 

included studies, variability in dietary assessment methods, and the predominance of cross-

sectional data.
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Table 1.1 Evidence on dietary fatty acids and liver fat outcomes from observational studies. 

Study Population Dietary 

assessment 

Liver fat outcome Covariates Findings 

Nemer, 2024(30) US, N=4,175 2 24-hour recall 

assessments 

Steatosis (measured by 

elastrography). 

Age, sex, ethnicity, education BMI SFAs was positively associated with steatosis. 

Cheng, 2023(31) 

 

UK, N=12,620 ≥1 Oxford WebQ 1. Liver fat % by MRI  

2. Steatosis(by MRI) 

Age, sex, ethnicity, deprivation, BMI, physical 

activity, alcohol intake, smoking status, total 

energy intake 

SFAs was positively associated with liver fat 

and steatosis. 

MUFAs and PUFAs were NS. 

Friden, 2023(32) UK, N=13,849 ≥1 Oxford WebQ Liver fat % by MRI. Physical activity, smoking and age  SFAs was positively associated with liver fat. 

MUFAs and PUFAs were NS. 

Tian, 2023 (33) UK, N=10,623 ≥2 Oxford WebQ 

 

Steatosis (by MRI). Age, sex, BMI, sedentary time, physical activity, 

income, and education 

High PUFAs pattern was inversely associated 

with liver fat. 

Other patterns with different FAs were NS. 

Cui, 2021 (34) US, N=6,693 2 24-hour recall 

assessments 

Fatty liver index. Age, sex, ethnicity, education, smoking, physical 

activity, hypertension, diabetes, total energy 

intake, total cholesterol, triglycerides, HDL 

n-3 PUFAs and n-6 PUFAs were inversely 

associated with liver fat. 

Lopez Bautista, 

2020 (35) 

Mexico, 

N=299 

FFQ Steatosis by ultrasound. NA Stearic and linoleic acid intakes were 

associated with severity. 

Noureddin, 2020 

(36) 

US, N=32,448 FFQ Chronic liver disease 

excluding other causes. 

BMI, total energy intake, physical activity, soda 

and coffee intake 

No significant associations for SFAs, PUFAs 

or MUFAs. 

Alferink. 

2019(37) 

Netherlands, 

N=3,882 

FFQ Steatosis by ultrasound. BMI, age, sex, smoking, alcohol, physical activity, 

total energy intake, Dutch Healthy Diet Index, 

blood cholesterol, metabolic syndrome, diabetes 

No significant associations for SFAs, PUFAs 

or MUFAs. 

Vernekar, 2018 

(38) 

 

India, N=147 FFQ Steatosis by ultrasound 

or biopsy. 

NA No significant associations for SFAs, PUFAs 

or MUFAs. 

Cheng (39) China, N=36 FFQ Steatosis by MRI. Age, BMI, and total energy intake, SFAs was positively associated with steatosis. 

Oya, 2010 (40) Japan, N=796 FFQ Steatosis by ultrasound. BMI, Smoking status, physical activity, menopause 

status, eating quickly.  
EPA and DHA presented inverse associations 

with liver fat, only in men. 

Allard, 2008 (41) Canada, N=73 Food diary Steatosis by liver 

biopsy. 

NA No significant associations for SFAs, PUFAs 

or MUFAs. 

Zelber, 2007 (42) 

 

Israel, N=349 FFQ Steatosis by ultrasound. NA 

 

No significant associations for SFAs, PUFAs 

or MUFAs. 

Meisenger, 

2019(43)  

Germany 

N=283 

FFQ and 24-h 

recall 

Steatosis by MRI. Age, sex, physical activity, smoking status, alcohol 

consumption, total energy intake  

Total fat intake is associated with liver fat. 

FFQ: food frequency questionnaire, MRI: magnetic resonance imaging, SFAs: saturated fatty acids, MUFAs: monounsaturated fatty acids, PUFAs: polyunsaturated fatty acids, 

NS: non-significant, NA: not applicable, US: United States, UK: United Kingdom.



 

9 

 

1.4.2 Evidence from interventional studies. 

The eight interventional studies presented below in Table 1.2 were performed by recruiting 

participants from different backgrounds and with different pre-existing conditions, and were 

carried out on a small scale due to the nature of their design. Researchers chose to compare 

different fatty acids diets: high SFAs vs. high PUFAs, high SFAs diet vs. high free sugars diet, 

high SFAs vs. low SFAs, or high MUFAs vs. control. In addition, the energy content of diets 

was high in some (hyperenergetic) and isoenergetic in others. 

Table 1.2 Evidence on dietary fatty acids and liver fat from interventional studies 

Author and year Country N Duration 

(weeks) 

Energy Results in liver fat 

change (%) 

High PUFAs vs. high SFAs 

Bjermo et al., 2012 

(44) 

Sweden 61 10  Isoenergetic SFAs: ↑0.3. 

PUFAs:↓1.1 

 

Luukkonen et al. (33) 

(45) 

Finland 26 3 Hyperenergetic SFAs: ↑2.7* 

PUFAs: ↑0.7 

Rosqvist et al., 

2014(46) 

Sweden 39 7 Hyperenergetic SFAs: ↑0.5* 

PUFAs: ↑0.04, NSD 

Rosqvist et al, 2019 

(47) 

Sweden 61 8 Hyperenergetic SFAs: ↑1.5* 

PUFAs: ↓0.1 

High SFAs vs. high free sugars 
 

Parry et al., 2020 (48) UK 16 8 Isoenergetic SFAs: ↑2 

Free Sugars: NSD 

High SFAs vs. low SFAs 

Utzschneider et al., 

(49) 

USA 20  Isoenergetic Low-SFAs: ↓2.2* 

High SFAs NSD 

High MUFAs vs. control 
 

Bozzeto et al. (50) Italy 17 8 Isoenergetic MUFAs: ↓2.2* 

Control: ↓1.6. 

 

High PUFAs vs. control 

Green et al., 2020(25) UK 38 8 Isoenergetic Omega3- PUFAs ↓ 

No controls for this 

outcome (secondary 

outcome) 
IHTG: intrahepatic triglyceride *statistically significant, SFAs: saturated fatty acids, MUFAs: monounsaturated 

fatty acids, PUFAs: polyunsaturated fatty acids, US: United States, UK: United Kingdom. 
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1.5 Critical appraisal of evidence from literature review 

1.5.1 Inconsistency in current evidence 

Evidence is not consistent across studies regarding the roles of different types and subtypes of 

fatty acids in liver fat accumulation. While the harmful role of total SFAs is consistent across 

many interventional and some observational studies (30, 32, 39, 45, 47), in many observational 

studies associations were not significant (38, 41, 42). Additionally, some omega 3 PUFAs show 

a protective role in the dietary trials, which is confirmed in some of the population-based 

observational studies but not in all of them.  

1.5.2 Sample sizes and study design 

Sample sizes ranged from 36 to 32,448 in observational studies. In the case of the smaller 

sample sizes, it is plausible that there was not enough power to detect small associations. Most 

of the observational studies were cross-sectional or case-control studies, and not prospective, 

which would have helped to understand associations between dietary fat quality and liver fat 

accumulation over a period of time. This would have reduced the impact of reverse causality 

and enabled the study of the long-term effect of dietary fat in liver fat. Interventional studies 

ranged from 16 to 61 participants, and designs varied in the choice of diets compared, including 

their total energy intake, methods of delivery, and fatty acids composition. 

1.5.3 Dietary fatty acids assessment tools  

Four of the observational studies investigated associations between NAFLD and individual 

dietary fatty acids or cn3 and cn6 PUFAs (34, 35, 38, 40), while the other ten focused only on 

total SFAs, MUFAs or PUFAs. The type and number of dietary assessments carried out varied 

between studies, which included food diaries, 24hr-recall assessments, or food frequency 

questionnaires (FFQ). Both Friden et al. and Cheng et al. only used one 24h-recall assessments, 

and in the case of Allard et al., the use of the food diary represented the most detailed dietary 

assessment across the studies included in this review (41). Interventional studies appeared to 
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be well controlled, with precise dietary interventions. However, it is difficult to interpret the 

results from dietary trials, as these may consist of experimental diets that may not reflect the 

population’s real-life dietary habits, being aware that they are part of a study and adhering to 

healthier habits than they would usually have.  

1.5.4 Outcome ascertainment: imaging studies and different stages of SLD 

Different methods have been used to measure liver fat content, which have very different 

sensitivity and specificity. The observational study with the largest sample size of 32,644 

individuals, by Noureddin et al. chose a proxy measurement of NAFLD that is not 

recommended by current guidelines (based on chronic liver disease by hospital records, without 

any other evidence or diagnosis of NAFLD), which may have overestimated the outcome and 

therefore may provide biased results (36). Additionally, the dynamic nature of this disease 

makes it challenging to compare different stages of NAFLD. Some studies have focused on the 

early stages of NAFLD, while others studied more advanced conditions, in which fibrosis was 

already present, as Lopez-Bautista et al. did (35). Some studies (Table 1.1) have used 

ultrasound to measure steatosis, and this has threshold of around 20% in order to reliably detect 

steatosis, while magnetic resonance imaging (MRI) can detect very low liver fat levels (51, 

52). MRI was used in four of the observational studies. In interventional studies, the outcome 

was measured precisely, using IHTG% measured by MRI and its changes after diet.    

1.5.5 Statistical models, adjustment for confounders and total energy intake. 

Some studies presented multivariable logistic regression models, while four presented only 

univariable associations, without any further adjustment for confounders. However, most of 

the univariable associations were already non-significant, likely due to their small sample sizes 

(N=34-73) and their lack of power to identify modest associations. Total energy was considered 

in all the multivariable models, but it should be highlighted that in the case of Oya et al., an 

energy adjustment was carried out without including total energy intake, but rather body mass 
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index and physical activity as markers of energy expenditure (40). This may have introduced 

bias and altered the strength of the associations, as adjusting for total energy intake derived 

from the same assessment as the exposure was obtained from provides more accurate estimates 

compared to adjustments using only body mass index or physical activity (53). 

1.5.6 The role of body mass index and adiposity 

Body Mass Index (BMI) is a widely used measure of body fat. It is a key variable in 

understanding the associations between dietary fatty acids and liver fat, as BMI is associated 

with high liver fat, and also associated with diets high in fat and high in calories (54).  

In the case of Alferink et al., inverse associations between MUFAs and NAFLD lost 

significance after adjustment for BMI (37). In a recent meta-analysis, it was observed that BMI 

is moderately correlated to liver fat by MRI (r: 0.43 [0.41-0.44]) (55). It has been suggested 

that visceral adipose tissue (VAT) may be more important in the development of MASLD, than 

subcutaneous adiposity. This is explained by one of the pathological mechanisms in liver 

steatosis: VAT secretes pro-inflammatory cytokines and adipokines, and releases FAs into 

circulation, causing dyslipidaemia and systemic insulin resistance (56). In addition, as 

previously mentioned, MASLD does not only occur in people who are obese and the prevalence 

of ‘lean MASLD’ is estimated to be 7–20% (15). Therefore, the addition of BMI in the 

statistical models is not consistent across the studies. 

1.5.7 Populations studied: pre-existent conditions, age, sex, genotype risk and ethnic 

background 

Inclusion criteria for the studies presented encompassed a wide range of metabolic phenotypes, 

nationalities, diabetic status, metabolic syndrome, or obesity. Populations were very 

heterogeneous, and in some cases, they were chosen due to convenience sampling, such as an 

ageing population in the case of Alferink et al (37). While the studies reviewed in this thesis 
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focused adults overall, the metabolism may not be the same for the elderly population in 

comparison to the younger adults.  

1.6 Current need of new evidence: gaps in the knowledge 

The lack of consistency in the associations between dietary fatty acids and liver fat in many 

studies could be due to low power in the small sample sizes of some of the observational 

studies, to measurement error in diet and in the liver fat outcomes, the diversity of the 

populations studied, or a combination of these factors. Therefore, the role of different types of 

fatty acids, independent of calorie intake, remains unclear. As such, there is a need for 

prospective studies which may help reduce reverse causality and understand the long-term 

effect of fat quality in liver fat. Adequate measurements of MASLD are also required, as 

diverse methods in current evidence make it difficult to compare results between studies. 

Preferably, the use of MRI to measure liver fat content would be employed, as this method 

demonstrates the highest specificity (compared to ultrasound). Additionally, there is a 

challenge in properly measuring real-life diet in large populations, while including an 

adjustment for total energy intake. It would be helpful to study different types of fatty acids, 

with multiple dietary assessments in different opportunities, which would allow acceptable 

estimations of the usual intake of these exposures. This would be particularly important in the 

case of PUFAs, as their main sources are foods which in the UK may only be consumed 

approximately one portion per week. The use of BMI to estimate total adiposity should be 

carefully considered, as well as the current increase in lean MASLD, which makes it difficult 

to decide whether this variable should be adjusted for or should be considered. Different 

measurements of body fat, such as MRI or DEXA, could give a more precise estimate of overall 

adiposity, and further studies should examine potential effect modification between men and 

women. This would provide with more generalisable evidence about the associations between 

dietary fatty acids and liver steatosis. 
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Ensuring the use of at least two dietary assessments, as well as detailed exclusions, control for 

BMI and for alcohol intake can provide answers to this research question with precise methods. 

This may help provide a clear picture of the associations between these nutrients and liver fat 

accumulation, and if these associations are significant, attempt to estimate their strength. 

Therefore, the aims of this thesis are: 

 To study the associations between dietary fatty acids and liver fat in the UK Biobank 

 To study the associations between dietary fatty acids and metabolic dysfunction-

associated steatotic liver disease (MASLD) in the UK Biobank 

 To study the associations between plasma fatty acids and liver fat in participants from 

the UK Biobank and from studies from the Oxford Centre of Diabetes Endocrinology 

and Metabolism (OCDEM)  

 To study the associations between liver steatosis and very low-density lipoprotein-

triglyceride (VLDL-TG) fatty acids composition in participants from studies from  

OCDEM 

 To study the associations between liver steatosis and markers of cardiovascular risk in 

participants from studies from OCDEM. 

In addition, this thesis will assess the potential effect modification of sex, visceral adipose 

tissue, and menopausal status on this associations. 

The summary of the population, exposures and outcome studied in this thesis are outlined in 

Figure 1.4. 
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Figure 1.4 Summary of population, exposures, and outcomes studied in this thesis. 
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2 Data sources: UK Biobank and OCDEM  

2.1 The UK Biobank 

This study used data from the UK Biobank, a prospective cohort of more than 500,000 

participants established to investigate how different exposures relate to various acute and 

chronic health outcomes. The main goal of the UK Biobank is to understand the determinants 

of common diseases, enabling scientific discoveries that improve population health (57, 58). 

This cohort was designed with record linkage to detect common conditions, supported by 

power calculations to ensure sufficient detection of incidence cases and conditions (59). The 

UK Biobank has approval from the Northwest Multi-Centre Research Ethics Committee 

(renewal reference number in November 2021: 21/NW/0157), and this study was conducted 

under the Nuffield Department of Population Health Cancer Epidemiology Unit application 

number 67506 (57, 59-61).  

2.1.1 Recruitment 

The UK Biobank recruited men and women aged between 40 and 69 years old, from 22 

different assessment centres across England, Scotland and Wales between 2006 and 2010. In 

total, 9,238,453 people who were registered with the UK National Health Service received a 

postal invitation, with a potential date and recruitment centre that they could attend to if they 

decided to participate (57). From those, 5.45% responded and attended one of the recruitment 

centres, resulting in a sample size of 503,317 participants (57). Predicted occurrence of events 

based on simulations about common non-communicable events, such as diabetes mellitus, 

coronary heart disease, and breast cancer confirmed that 500,000 participants would be 

powered enough for analyses, considering more than 10 years of follow-up (59).  
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2.1.2 Informed consent and right to withdraw 

Once participants attended their first assessment centre, they electronically signed an informed 

consent form, and were informed about the use of their data for storage and research, as well 

as their right to withdraw from the study at any point (62). They received a participant identifier 

number and their data was pseudo-anonymised. Any new withdrawals were informed by the 

UK Biobank team, so participants who no longer wished to be part of the research were 

removed from all analyses.  

2.1.3 Assessment visit 

In an initial assessment visit, after providing consent, participants completed a touch-screen 

questionnaire, and participated in a computer-assisted interview. Physical and functional 

measures were taken, and blood, urine and saliva samples were collected (57). A touchscreen 

questionnaire was included at the beginning of the visit, in which participants completed 

sections about medical history, socioeconomic status, education, smoking, alcohol 

consumption, medications, and physical activity (63, 64). These questions were designed 

taking into account key risk factors for common diseases, and responses were stored for further 

analyses. To ensure data accuracy, the program flagged implausible values in numeric 

responses, which made participants review their answers before proceeding to the next 

question. 

After the touchscreen questionnaire, a verbal interview was conducted by a trained interviewer, 

who considered the responses recorded from the touch screen in case they had to ask more 

about any diagnoses. The interviewer asked participants about their place of birth, personal and 

family medical history, and answers were recorded in a computer. Questions addressed any 

cancer diagnoses as well as an extensive range of non-cancer illness, operations, prescriptions 

and use of over-the-counter medications (65). 
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Physical measurements were collected after completing the touch screen questionnaires, 

interviews and blood pressure measurement, along with ocular measurements. Sitting and 

standing height were measured, and hip and waist measurements were also recorded. In 

addition, bio-impedance measurements were assessed (66). 

2.1.4 Dietary assessment in person and online 

Participants’ dietary data were obtained using the Oxford WebQ, a tool developed by the 

Cancer Epidemiology Unit at the University of Oxford. This dietary recall assessment is a 

validated web-based 24-hour tool, which was developed for repeated administration in large 

prospective studies. Unlike typical interviewer-administered 24-hour recall, it is quick to 

complete (it takes 10-20 minutes) and it can be done completely online (67, 68). It was chosen 

because of its reduced administrative costs, the convenience for participants, and the presence 

of an algorithm that automatically calculates nutrients based on the food products and amounts 

chosen. Data about dietary intake of fat and fatty acids was obtained from these 24-hr dietary 

assessments, in which participants reported the products consumed the previous 24 hours from 

a list of 206 foods and 32 beverages (67, 69). As an example, in Figure 2.1, it can be observed 

that each question had a detailed description and options to choose the amount consumed. In 

this section, the questionnaire included a question designed to quantify the amount of bread 

consumed on the previous day. If a participant selected a sandwich, only the bread component 

was initially recorded. Subsequent questions gathered additional details about the sandwich, 

including the presence and type of spread, its thickness, whether it was store-bought or 

purchased from a café, and whether it contained ingredients such as egg, cheese, fish, meat, or 

vegetables. This structured approach ensured that the dietary assessment did not treat a 

sandwich as a single item but instead considered its individual components for a more precise 

evaluation of dietary intake. However, it is important to note that the food items in the WebQ 

are limited, and the estimation of fatty acid content is based on the data from the responses. 
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Figure 2.1 Section of the Oxford WebQ assessment. 

Participants were invited to complete the Oxford WebQ during the initial assessment visit, and 

virtually via a link they received in their email in other four different opportunities. Figure 2.2 

describes the different points at which dietary data was collected. Participants who attended 

their first assessment between April 2009 and September 2010 were asked to complete a dietary 

questionnaire in person (68). Approximately 70,000 participants completed it in clinic during 

the baseline assessment. In addition, all UK Biobank participants who had provided an email 

address were invited on four separate occasions. Invitations were sent to participants who 

provided a valid email, (approximately 306,500 participants) and responses were collected 

according to the timeline described below. The proportion of participants that responded each 

email was as follows: 32.8% for the first e-mail invitation, 26.2% for the second, 32.6% for the 

third done, and 30.5% for the fourth. The four different invitations were sent in different days 

of the week and months of the year to attempt to capture different diet intakes across the year 

and that may vary between week and weekdays. For any round of invitations, the respond rate 

was significantly lower in the summer months (p<0.001)(70). 
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Figure 2.2. Timeline of UK Biobank data collection relevant to this study’s exposures and outcomes. 

2.1.5 Validation of the Oxford WebQ 

The Oxford WebQ was validated against blood recovery biomarkers and another 24-hr recall 

interviewer administered questionnaire, administered over telephone call (71). It was observed 

that it performs very well to estimate total energy intake, as well as protein, potassium, and 

total sugar. There were no blood biomarkers for dietary fatty acids, as no recovery biomarker 

has yet been identified to represent fat intake.  

2.1.6 Dietary fatty acids intake calculation  

Once participants select the options that correspond to what they eat the previous day, replies 

are coded automatically to obtain estimated nutrient intake, considering the product and amount 

consumed. From these responses, intakes of total fat, SFAs, MUFAs, PUFAs, n3-PUFAs and 

n6-PUFAs were automatically calculated and stored as variables in grams. In order to code all 

dietary variables as percentage of total energy intake, the mean intake of exposures in grams 

was multiplied by 37.7, to calculate the amount of total kJ provided. This was then calculated 

as a percentage of each participant’s daily total energy intake.  

To understand if the associations are driven by specific fatty acids from each group, individual 

fatty acids dietary intakes were obtained from the UK Biobank Individual Fatty Acids dataset. 

These were calculated by researchers from the Cancer Epidemiology Unit at the University of 

Oxford, composed with data from UK McCance and Widdowson’s The Composition of Foods, 

and the US Department of Agriculture food composition tables. This provided information 

about intakes of 21 individual FAs: 10 SFAs, 4 MUFAs and 7 PUFAs (72), that are described 
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in Table 2.1. McCance and Widdowson’s composition of foods integrated dataset 2021 was 

used to calculate individual fatty acids, as it is the only UK-specific food composition table 

with individual fatty acid dataset (72). In addition, the US National Nutrient Database (USDA) 

for standard references, was used as a secondary food composition table, containing more than 

8,000 food codes, with a version compiled close to the time frame completion of Oxford WebQ, 

between 2011 and 2012. The individual fatty acid dataset consisted of 437 unique food codes 

from the food composition tables: 93% were from McCance and Widdowson, (406 codes), 

while 7% corresponded to USDA codes (31 codes) (72). 
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Table 2.1 Individual fatty acids nomenclature and examples. 

Notation 
Systematic name 

by IUPAC 
Common name Fatty acid 

Food product rich in 

nutrient (28, 73) 

4:0 Butanoic Butyric SFAs Butter 

6:0 Hexanoic Caproic SFAs Butter, coconut 

8:0 Octanoic Caprylic SFAs Coconut, palm kernel, butter 

10:0 Decanoic Capric SFAs Coconut, palm kernel, butter 

12:0 Dodecanoic Lauric SFAs Coconut, palm kernel, butter 

14:0 Tetradecanoic Myristic SFAs Coconut, palm kernel, butter 

15:0 Pentadecanoic Pentadecyclic SFAs Red meat, dairy 

16:0 Hexadecanoic Palmitic SFAs Red meat, dairy, palm oil  

16:1n-7 Hexadecenoic Palmitoleic MUFAs 
Beef, lamb, pork ,salmon, 

mackerel Macadamia oil  

17:0 Heptadecanoic Margaric SFAs Red meat, dairy  

18:0 Octadecanoic Stearic SFAs Chocolate, meat, dairy 

18:1n-9 Octadecenoic Oleic MUFAs 

Olive oil, sunflower seed, 

pumpkin, sesame, corn, soya, 

walnut, flaxseed, hemp seed, 

wheat germ 

18:2n-6 Octadecadienoic Linoleic* n-6 PUFAs 
Olive oil, cultivated rapeseed 

oil, canola oil, peanut oil 

18:3n-3 Octadecatrienoic Alpha-linoleic* n-3 PUFAs 
Canola oil, cultivated rape 

seed oil  

18:4n-3 Octadecatetranoic Stearidonic n-3PUFAs Hemp oil, fish 

20:1n-9 Eicosenoic Gondoic MUFAs 

Sesame seed oil, walnut, 

pumpkin seed oil, flaxseed 

oil  

20:4n-6 Eicosatetraenoic Arachidonic n-6 PUFAs Eggs, poultry beef and dairy 

20:5n-3 Eicosapentaenoic EPA n-3 PUFAs Salmon, canned sardines 

22:ln-9 Docosenoic Erucic MUFAs Rapeseed and mustard oil 

22:5n-3 Docosapentaenoic DPA n-3 PUFAs Fish oil, red salmon 

22:6n-3 Docosahexaenoic DHA n-3 PUFAs 
Grass-fed meat, dairy, fatty 

fish, shellfish 

*Essential fatty acids. 

SFAs: saturated fatty acids, MUFAs: monounsaturated fatty acids, PUFAs: polyunsaturated fatty acids, IUPAC: 

International Union of Pure and Applied Chemistry. 
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2.1.7 Plasma fatty acids measured by Nuclear Magnetic Resonance (NMR) 

Plasma fatty acids were obtained from participant’s blood samples collected at baseline. While 

there were no fasting requirements for participants, the estimated hours of fasting were 

recorded for each of them. Samples were collected and Nightingale Health Ltd Services were 

used to analyse biomarker data (74). Nightingale Health is based in Finland and performed 

analyses based on high-throughput nuclear magnetic resonance (NMR).  

Plasma samples collected were prepared on 96-well plates, with DTA (anticoagulant), and 

shipped to Nightingale Laboratories. Buffers were added to samples, and six 500 MHz proton 

NMR spectrometers were used to analyse the samples (75). To quantify biomarkers (249 in 

total, which include lipoproteins, fatty acids, amino acids, ketones and glycolysis metabolites), 

automated spectral processing software was used. Data were then cleaned and provided to the 

UK Biobank (76). Quality control flags were identified and recorded if the sample presented 

values below limit of quantification, were contaminated, degraded, or presented any 

unidentified small molecules, and those samples were excluded, by using Data-Field 23755 for 

SFAs, Data-Field 23754 for MUFAs, and Data-Field 23753 for PUFAs (74). The NMR 

platform demonstrated high reproducibility, with many biomarkers showing coefficients of 

variation below 5%, real-time monitoring ensuring consistency across spectrometers, and high 

correlation (>0.9) with clinical biochemistry (77). 

2.1.8 Liver fat assessment  

A subsample of this cohort participated in the multimodal imaging studies, which started in 

2014 (78). Initially, 5,000 participants were invited to take part in a pilot study in 2014, and as 

it was feasible, funding for imaging additional 95,000 was confirmed. Then, all participants 

from the UK Biobank, regardless of their area of residence, were invited to participate in an 

imaging visit (78). Those who had not responded to the invitation were sent emails 2 weeks, 4 

weeks, 6 months and 1 and 2 years after the initial invitation. The goal of 100,000 imaging was 
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set up based on power calculations, and it is estimated to be achieved as more than 31% of the 

full cohort responded that they were interested in participating, and by November 2024, 90,000 

image studies were completed. The imaging assessments were conducted in centres located in 

Stockport (referred to as Central), Newcastle-upon-Tyne (North), Reading (South-East), and 

Bristol (South-West). These locations were chosen to reduce travel time for most participants, 

considering driving distances and public transportation options. This focus on minimizing 

travel was essential, as it was identified as a key factor influencing participants' likelihood of 

attending (78). In order to participate in the study, participants underwent a screening via 

telephone call to assess if they were eligible, which meant that they did not have any metal 

implant, pacemaker, or claustrophobia.  

Participants in the multimodal imaging study at the UK Biobank Imaging Assessment Centres 

were studied via Magnetic Resonance Imaging (MRI). All measurements were performed 

using Siemens 1.5T MAGNETOM Aera scanners, which provided body imaging data from the 

abdomen, the brain, and the heart (79). MRI is the most accurate non-invasive method to study 

liver fat (80), and liver fat proton density fat fraction (PDFF) was derived from these multi-

slice MRI abdominal scans, which represented liver fat content (%). Proton density refers to 

the abundance of hydrogen atoms found in the tissue and is estimated as follows: 

𝑃𝑟𝑜𝑡𝑜𝑛 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑓𝑎𝑡 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 =
𝐹𝑎𝑡

𝐹𝑎𝑡 + 𝑊𝑎𝑡𝑒𝑟
 

The liver imaging variables were obtained following the IDEAL (iterative decomposition of 

water and fat with echo asymmetry and least-squares estimation) protocol, which allows the 

separation of water and fat signals (81). The variables were processed and provided by AMRA 

(advanced magnetic resonance analytics), using the AMRA® Profiles developed by AMRA 

Medical AB in Linköping, Sweden (82).  
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To cover a representative sample of the liver tissue, three 15mm diameter regions of interest 

(ROIs) were chosen to prevent signals from vessels, bile ducts and other organs. Then the mean 

of all of the pixels within the 3 ROIs was calculated to obtain the proton density fat 

fraction.(83). A single transverse slice scan was measured at the porta hepatis to represent the 

liver, and two sequences were necessary to obtain the data to derive the liver fat variables.  

To validate the measurements, phantom studies (studying objects designed to mimic the 

properties of human tissue instead of participants) were carried out on a different Siemens 

scanner (1.5T Avanto) at the University of Oxford centre of Clinical Magnetic Resonance 

Research, and the results collected were similar in both scanners (79). 

2.1.9 Inclusion and exclusion criteria for data sources 

Participants were excluded from analyses if certain conditions were identified. Participants 

may have recently been diagnosed with a condition that motivates them to change their diet 

significantly. Therefore, to reduce reverse causality, participants with prevalent cardiovascular 

disease, diabetes, and chronic liver disease who may have already received dietary advice were 

excluded from the analyses. Participants with conditions that can alter liver metabolism 

significantly, or using cholesterol lowering medication, or drugs that can lead to liver 

inflammation, were identified and excluded from the final sample. Hospital Episode Statistics 

were checked in June 2022 to perform exclusions, and checked again in August 2024 to identify 

any incident cardiovascular and liver disease case that required hospitalisation. Data sources 

for the exclusion criteria can be found in Table 2.2.  For proportions of exclusions, each chapter 

identifies the number of participants excluded per category. 
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Table 2.2 Exclusion criteria and data sources. 

Exclusion  Description  ICD-101 

Self-reported 

Assessment 

Centre Data  

Liver disease  

Any alcoholic liver disease  K70    

Any toxic liver disease  K71    

Hepatic failure, not elsewhere classified  K72    

Chronic hepatitis, not elsewhere classified  K73    

Autoimmune hepatitis  K75.4    

Inflammatory liver disease, unspecified  K75.9    

Fatty liver not elsewhere classified K 76.0  

Liver failure/ cirrhosis    

Verbal Interview2 Infective/viral hepatitis    

Non-infective hepatitis    

 Hepatitis    

Cardiovascular 

disease  

Acute myocardial infarction  I21    

Subsequent myocardial infarction  I22    

Complications of myocardial infarction  I23    

Old myocardial infarction  I25.2    

Dressler’s syndrome  I24.1    

Subarachnoid haemorrhage or infarction  I60    

Intracerebral haemorrhage  I61    

Cerebral infarction  I63    

Stroke, not classified as haemorrhage  I64    

Stroke    Touch 

screen3/verbal 

interview  
Heart attack/myocardial infarction    

Angina    

Peripheral vascular disease    

Verbal interview  
Transient ischaemic attack    

Subdural haemorrhage    

Aortic aneurysm rupture    

    

Diabetes  Diagnosed (or insulin user)4    Touch 

screen/verbal 

interview  
On cholesterol 

lowering drugs 
  

Medication  

Dexamethasone    

Verbal interview  Hydroprednisone    

Rifampicin    

Pregnancy       Verbal interview  

    

Endocrine 

disease  

Thyrotoxicosis  
   Verbal interview  

Cushing syndrome  
1ICD-10: International classification of diseases and related health problems, by the world health organisation. 

Obtained from Data field 41270, from Hospital Episode Statistics 
2All verbal interview diagnoses were obtained from Data-Field 20002: Non-cancer illness, self-reported 
3From Data-Field 6150: vascular/heart problems diagnosed by doctor 
4 From Data-field 6177 and 6153: medication for cholesterol, blood pressure or diabetes 
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2.1.10 Covariates 

Covariates were chosen after reviewing current literature to identify factors that may contribute 

to both liver fat accumulation and dietary habits, and the data fields used to code them can be 

found in Table 2.3. The decision to exclude directed acylic graphs was based on the complexity 

of dietary exposures and confounders, and the lack of consensus on a definitive causal structure 

for liver fat accumulation and MASLD.  

Ethnicity was collected from the touchscreen data at baseline described in the assessment centre 

visit. This was coded as ‘White’ for those who reported British, Irish, or any other white 

background, ‘Mixed’ for those who selected the option White and Black Caribbean, White and 

Black African, White and Asian, or any other mixed background, ‘Asian or Asian British’, for 

those who indicated Indian, Pakistani, Bangladeshi or any other Asian background, and ‘Black 

or Black British’ for those who selected Caribbean, African, or any other Black background). 

Other or missing categories were also included in the analyses (84). 

To estimate deprivation, the Townsend index was calculated for each participant from 

responses collected from the touch screen, and based on preceding national census output areas. 

The census variables utilised in the Townsend index include ‘economic activity’, to estimate 

the percentage of people who are economically active and unemployed, ‘persons per room’, to 

estimate the percentage of households that are overcrowded, with more occupants than there 

are rooms, ‘car or van availability’ to estimate the percentage of households that do not own a 

car or van, and ‘tenure’, to estimate the percentage of households that are not owner-

occupied (85). 

Participants region was determined based on the assessment centre each participant attended, 

resulting in 10 categories. St Bartholomew’s Hospital, Hounslow, and Croydon were grouped 

as “London”; Swansea, Wrexham, and Cardiff as “Wales”; Stockport, Manchester, Liverpool, 
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and Bury as “North-West England”; Newcastle and Middlesbrough as “North-East England”; 

Leeds and Sheffield as “Yorkshire and the Humber”; Stoke and Birmingham as “West 

Midlands”; Nottingham was renamed “East Midlands”; Reading and Oxford as “South-East”; 

Bristol as “South-West”; and Glasgow and Edinburgh as “Scotland.” 

Only data from participants who attended the MRI assessment centres were included in this 

study. Consequently, the regional category was restricted to centres where the imaging study 

was conducted, including only North-West England, North-East England, Yorkshire and the 

Humber, and East Midlands, thereby excluding participants from Wales and other regions of 

England. To classify participant’s physical activity, data from the touchscreen questionnaire at 

baseline was used, which described time spent daily walking, doing moderate physical activity, 

and vigorous physical activity. Using these variables, metabolic equivalent (MET)-hours per 

week were calculated. MET values are 3.3 for walking, 4.0 for moderate physical activity, and 

8.0 for vigorous physical activity. Participants were then categorised in physical activity groups 

according to total MET hours value per week (low, [<10 MET hours/week], moderate [10-50 

MET hrs/wk.], high [>50 MET hrs/wk.]), following the guidelines for data processing and 

analysis of the International Physical Activity Questionnaire (86). 

Smoking status was categorised using participant self-reported information at baseline, into 

‘Never’, ‘Current’, or ‘Previous’ tobacco smokers. Education was categorised according to the 

highest degree obtained from those specified in the touchscreen questionnaire at baseline. The 

categories were ‘College or University degree or other professional qualifications’, ‘Exams at 

ages 17 to 18 years (A levels/AS levels or equivalent)’, ‘Exams at 16 years (O 

levels/GCSEs/CSEs)’, ‘none of the above’ or ‘Unknown’.  



 

29 

 

Table 2.3 Data-fields from the UK Biobank dataset used for variables included in the analyses. 

  Data-field Additional information 

Outcome      

Liver fat fraction  24352 Processed by AMRA. 

    

Diabetes   
6177 and 6153  

  
Medication for cholesterol, blood pressure or diabetes 

  20002 Verbal interview: hypertension 

Cholesterol lowering 

medication 
  

6177 and 6153 

  
Medication for cholesterol, blood pressure or diabetes 

Alcohol intake    

Touch screen questionnaire: ‘white wine’, ‘red wine’, ‘beer’, 

‘spirits’  

  4407 Average monthly red wine intake 

  4418 Average monthly champagne plus white wine intake 

  4429 Average monthly beer plus cider intake 

  4440 Average monthly spirits intake 

  4462 Average monthly intake of other alcoholic drinks 

  1568 Average weekly red wine intake 

  1578 Average weekly champagne plus white wine intake 

  1588 Average weekly beer plus cider intake 

  1598 Average weekly spirits intake 

  1608 Average weekly fortified wine intake 

  4462 Average monthly intake of other alcoholic drinks 

  1568 Average weekly red wine intake 

Confounders      

Sex  31   

Age at recruitment  21022   

Ethnic background  21000   

Qualifications  6138 

If participants selected more than one, the highest was used 

to estimate qualification 

Physical activity      

   864 Number of days/week walked 10+ minutes 

   874 Duration of walks 

   884 

Number of days/week of moderate physical activity 10+ 

minutes 

   894 Duration of moderate activity 

   904 

Number of days/week of vigorous physical activity 10+ 

minutes 

   914 Duration of vigorous activity 

Townsend deprivation index  189  

Region  54 UK Biobank assessment centre 

Smoking status  20116   

Body mass index (BMI)  23104 Imaging assessment centre 

Fruits and vegetable intake   26123 Raw salad 

  26065 Allium vegetables 

  26115 Peas and corn 

  26090 Berries 

  26089 Apples and pears 

  26098 Green leafy vegetables 

  26125 Root vegetables 

  26146 Other vegetables 

  26093 Other fruits 

  26091 Citrus fruits 

AMRA: advanced magnetic resonance analytics,  

https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=4407
https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=4418
https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=4429
https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=4440
https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=4462
https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=1568
https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=1578
https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=1588
https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=1598
https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=1608
https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=4462
https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=1568
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Vegetable and fruit intake was calculated by combining the total intake in grams of raw salad, 

leafy greens, root vegetables, tomatoes, allium vegetables, other vegetables, peas, corn, citrus 

fruit, berries, apples, pears, and other fruit variables from the WebQ data, and calculating a 

mean in grams/day. This was obtained to adjust for a variable that could be a proxy marker of 

a healthy diet.  

Body mass index (BMI) was calculated by ratio of participant’s weight in kilograms divided 

by the square of the height in meters (kg/m2). Following the international classification for 

adults aged over 20 years (87), participants were categorised in groups as <25, 25-29.9, 30-

34.9, and ≥35 kg/m2. Due to the small number of participants with a BMI <18, defined as 

‘underweight’, this category was collapsed into the normal weight category. The same BMI 

categories were applied to all participants in the analysis, regardless of ethnicity. BMI was 

measured at the time of MRI to ensure that adjustments for BMI were performed concurrently 

with liver fat assessment. As BMI may be part of the causal pathway but is not yet confirmed, 

it was added as the last confounder in the models, to allow assessment of results before and 

after its addition. 

Alcohol intake was measured using data from the touchscreen questionnaire, in which there 

was information about the frequency and type of alcoholic drinks consumed. This enabled 

quantification of total alcohol grams per drink, and this was transformed into Units to meet the 

standard measurements and recommendations from NICE guidelines in the UK (88). 

The rationale for including menopause in the analyses that will be carried out in the UK 

Biobank was to consider the metabolic changes caused by oestrogen level changes that occur 

during that period, as previous research has observed more cases of liver steatosis in post-

menopausal women (89, 90). The definition of menopause is 12 months without a menstrual 

period for women older than 45, or 24 months and blood hormone tests for women younger 
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than 45 (91). In this thesis, menopause status was defined as ‘Yes’ if women reported it in the 

assessment visit, had bilateral oophorectomy or hysterectomy, or were more than 55 at the time 

of the liver imaging.  

Visceral adipose tissue (VAT) volume was measured with MRI at the same time as liver fat 

and coded as litres. It was defined as the adipose tissue within the abdominal cavity, excluding 

adipose tissue outside the abdominal skeletal muscles and adipose tissue and lipids within the 

cavity and posterior of the spine and back muscles. This was included as a potential interaction 

due to its association with pathological mechanisms in liver steatosis. VAT secretes pro-

inflammatory cytokines and adipokines, and releases FAs into circulation, causing 

dyslipidaemia and systemic insulin resistance (56, 92). Therefore it may be more detrimental 

to metabolic health than other fat depots such as subcutaneous adipose tissue. 

2.2 OCDEM participants 

In Chapter 6, the study population consisted of a set of participants from seven interventional 

studies conducted at the clinical research unit of the Oxford Centre of Diabetes, Endocrinology, 

and Metabolism (OCDEM). These have been integrated into a unified dataset, and will be 

referred to as the OCDEM sample for the purposes of this study. All data analysed in this thesis 

was obtained from measurements that were carried out at baseline, before any intervention.  

2.2.1 Recruitment 

Participants who joined these studies were primarily, but not exclusively recruited from the 

Oxford Biobank, by advertisement via posters in hepatology clinics at the Oxford University 

Hospital Trust, social media and by word of mouth. The Oxford Biobank is a project in which 

participants aged 30 to 50 years old were recruited, which was established to study people with 

specific genetic traits and to collect detailed information about their metabolism and body 

measurements. It consists of biological material and health-related information from around 
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8,000 participants, which began recruitment in 1999. In addition, participants had the 

opportunity to take part in further clinical studies in Oxford (93). Those participants who 

provided consent to be re-approached for future projects were invited to these studies (93).  

The studies from which participants were recruited are outlined in Table 2.4. While most of 

the studies focused on participants free from any known metabolic disease, both SMASH 

(Study 3) and Study 7 included the recruitment of participants with diagnosis of steatohepatitis. 

Table 2.4 Studies from which OCDEM participants sample were recruited. 

Study Number Study description  N 

1 Sugar overfeeding study  24 

2 Hepatic fatty acid partitioning in pre-and post-menopausal 

women: risk factors for cardiovascular disease 

 43 

3 SGLT2 inhibitors and metformin on metabolism and non-

alcoholic steatohepatitis (SMASH) 

 20 

4 Fatty Acid Metabolism in individuals Undergoing 

Sulforaphane supplementation 

 5 

5  Liver Fat case-control  18 

6 Fat overfeeding study  5 

7 MRI and Stable Isotope Tracer Studies for Detecting the 

Progression of Non-Alcoholic Steatohepatitis (NASH) 

 10 

 Total  125 

2.2.2 Inclusion criteria 

Participants were included in the study if they provided informed consent, were between 18 

and 65 years old, had had a stable weight for the previous 3 months, their BMI was between 

19 and 35 kg/m2, and they were not taking any lipid or glucose lowering medication. 

Participants were excluded if they did not provide informed consent, if they were smokers, 

and/or had a history or alcoholism. In addition, women drinking >20 g of alcohol daily and 

men drinking >20 g of alcohol daily were excluded. Those who were pregnant or presented 

elevated levels of cholesterol or triglycerides, or glucose after screening were also excluded 

from the studies 1-2 and 4-6. If participants presented low haemoglobin (<135 mg/dl for men 

and <120 mg/dl for women), or donated or lost more than 250 ml of blood in the previous 

months, they were excluded from the study. To ensure participants' safety during the MRI, the 
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presence of pacemakers, metallic implants, piercings or history of claustrophobia made 

participants ineligible for this study. 

2.2.3 Liver fat measurement 

Approximately within a week of the first assessment visit, MRI measurements were carried out 

to obtain data about liver fat content, using spectroscopy. A single voxel (20x 20 x 20 mm30) 

was positioned in the posterior part of the left liver lobe, and both water-suppressed and non-

water-suppressed stimulated acquisition mode (STEAM) measurements were performed. The 

proportion of intrahepatic triacylglycerol (IHTG) in the liver tissue was determined using the 

OXSA toolbox (94). 

2.2.4 Clinical research Unit assessments 

During study visits, participants would attend in the morning after an overnight fast, and would 

provide a venous blood sample, which was collected into heparinised tubes. Plasma was 

immediately separated for analysis by centrifugation at 4°C. Then, concentrations of plasma 

glucose and lipoproteins were analysed on a semi-automatic analyser. In addition, samples 

were sent to Nightingale Health for metabolomics analysis, which assessed multiple 

lipoproteins in plasma. In addition, anthropometric measurements were taken, and body mass 

index was recorded. 

2.2.5 VLDL-TG fatty acid composition measurement 

Chylomicron- and VLDL-rich fractions were separated from plasma samples by sequential 

flotation, using density gradient ultracentrifugation (Svedberg flotation rate (Sf) >400) and 20-

400, for chylomicrons and VLDL, respectively). Ultracentrifugation was performed in a 

SW40Ti swinging bucket rotor (Beckman Instruments, Palo Alto, CA) at 40,000 rpm at 15°C. 

The gradients were run for 32 min to float Sf >400 lipoproteins and for a further 16 h to float 

Sf  20-400 lipoproteins (95). Following isolation, the Sf 20-400 fraction was further separated 
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by immunoaffinity chromatography to isolate particles containing apolipoprotein (apo) B-100 

from those with apo-B48; leaving the fraction completely devoid of apoB-48; as such, this 

fraction can be deemed to contain the VLDL-rich lipoprotein specifically (96).  

To determine the specific FA composition of VLDL triglyceride (TG) the isolated VLDL-rich 

fraction was separated by solid-phase extraction. Initially, a chloroform: methanol solution of 

2:1 (v/v) was added to samples, as described by Folch et al. (97). The chloroform solubilized 

lipids, while the methanol aided the separation of proteins, facilitating the lipid extraction (98). 

Samples were centrifuged and the lipids were collected. Next, the samples were added to a set 

of solid phase extraction columns, for lipid purification and isolation of TG. TG were eluted 

with a 2 x 1 ml hexane: chloroform: ethyl acetate solution under vacuum, as described by 

Burdge et al (99). The samples were further dried in an evaporator. The dried samples were 

methylated, to convert them into fatty acid methyl esters, which is necessary for gas 

chromatography (GC) analysis, as they must be converted into derivatives with lower boiling 

points (100). Therefore, the samples were treated with a solution of 1.5% H2SO4 in methanol, 

and placed in a water bath at 80°C for one hour. After adding a neutralising solution and 

centrifuging for 10 minutes, the samples were dried in an evaporator.  

Finally, the samples were injected into a GC machine. The GC analysed the fatty acid methyl 

esters and produced a chromatogram, which displayed peaks at specific retention times. The 

peaks were used to identify the different fatty acids, by comparing sample retention times to a 

known standard, and results were expressed as mol%. 

2.3 Summary of strengths and limitations. 

Using both the UK Biobank and OCDEM datasets offers complementary strengths: while the 

UK Biobank provides large-scale, population-based data with high statistical power, the 

OCDEM dataset offers more detailed clinical and metabolic measures. In particular, OCDEM 
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measurements were collected within the same week, ensuring temporal consistency, whereas 

in the UK Biobank, these measurements were taken years apart. Although dietary data were 

unavailable for OCDEM participants and confounder details were more limited, the dataset 

remains a valuable resource for comparing NMR results, and for studying VLDL-TG fatty acid 

composition, a complex measurement that is challenging to obtain. 

2.4 Ethical approval  

 The UK Biobank study has complied with all necessary research ethics protocols, according 

to the Declaration of Helsinki, and approved by the Northwest Multi-Centre Research Ethics 

Committee (reference number 21/NW/0157)(61). 

The studies carried out at OCDEM were reviewed and approved by the Oxfordshire, 

Portsmouth, North of Scotland, North West- Lancaster, North East- Tyne & Wear and South 

Clinical Research Ethics Committees and all research complied with the Declaration of 

Helsinki. All participants gave written informed consent. 

2.5 Missing data 

Only participants with complete data on exposure and outcome were included in the study, for 

both the UK Biobank and the OCDEM sample. For covariates, multiple imputation was not 

used as missing values represented <5%, and they were included in a “Missing” category.  
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3 Dietary fatty acids and liver fat in the UK Biobank 

3.1 Introduction and aim 

While there is no approved pharmacological treatment for reducing excessive liver fat 

accumulation, and there is a need to prevent it from developing to chronic irreversible stages, 

the focus is on lifestyle and avoiding hypercaloric diets (6, 22). Dietary guidelines recommend 

moderate calorie intake, and a reduction in SFAs, a Mediterranean diet, but this is not consistent 

across societies and institutions, and there is no consensus on advice on PUFAs or MUFAs 

consumption (101-103). 

There is still no agreement about the optimal dietary pattern to prevent excessive liver fat 

accumulation (18, 104, 105), and the aim of this study is to explore the associations between 

dietary fatty acids and liver fat in the UK Biobank, in a metabolically healthy population. The 

need of large prospective cohorts that study dietary fatty acids and liver fat has been pointed 

out in previous research (106), and presented in Chapter 1, and the UK Biobank is an example 

of an appropriate cohort to look at this research question, as it has detailed data on dietary 

assessments and liver fat content. 

3.2 Methods 

3.2.1 Study sample, inclusion and exclusion criteria 

The population studied was part of the UK Biobank prospective cohort, described in detail in 

Chapter 2, Section 2.1. Participants included had data on liver MRI taken in the first imaging 

visit. Approximately 20% of the UK Biobank expressed interest, and by 2024, 90,000 (18%) 

have completed an imaging assessment. At the time that these analyses were carried out, data 

about MRIs was available for 31,334 participants, taken between 2014 and 2021. Dietary 

questionnaire data was excluded from analyses if diet was not of a typical day: if participants 

reported being ill, having fasted the previous day, or if the total energy intake was considered 
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implausible (defined as less than 2510 kJ or more than 14644 kJ in women, or as less than 

3,347 kJ or more than 17,572 kJ in men (107). In total, 1793 participants were excluded from 

the analyses if their diet was atypical or their energy intake was considered implausible. Only 

those who had data from at least two plausible 24-hr dietary questionnaires (42% of participants 

who had data available on liver fat) were included in the study and the exclusions carried out 

to obtain the final sample are detailed in Figure 3.1.  

 

Figure 3.1 Flowchart of UK Biobank showing exclusion of participants included in the analyses. 

The exclusion criteria were determined based on health conditions that could alter the 

associations between dietary fatty acids and liver fat. To reduce reverse causality, participants 

with prevalent cardiovascular disease, diabetes, and chronic liver disease at recruitment, who 

may have received dietary advice for their conditions, were excluded from the analyses. If 

participants were admitted to the hospital during follow up due to cardiovascular or liver 
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causes, they were also excluded. Participants using cholesterol lowering medication, or drugs 

that can lead to liver inflammation, were identified and excluded from the final sample.  

Alcohol intake can promote liver fat accumulation, and to prevent assessing liver fat in 

participants in which alcohol related steatotic liver disease may be present, participants were 

excluded if they were in the highest category of alcohol consumption according to NICE 

alcohol use disorders guidelines (harmful drinking, defined as >50 alcohol units per week in 

men, and >30 units per week in women)(88). In addition, alcohol intake was added as a 

confounder in the model. Alcohol intake was obtained by considering type and frequency of 

alcohol drinks, data recorded in touchscreen in the first visit, and details on the variables used 

to code alcohol intake are in Table 2.3 in Chapter 2.  

In total, exclusions based on chronic disease and excessive alcohol intake represented 3,964 

participants, 29% of the sample with MRI data and 2 WebQs. For more detail on the codes 

used for this set of exclusions, see Table 2.2 in Chapter 2, Section 2.1.12. 

3.2.2 Dietary fatty acids and individual fatty acids assessment 

Fatty acids intake was measured using the Oxford WebQ, responded in at least two 

opportunities. Participants completed this questionnaire by selecting the products consumed 

the previous 24 hours from a list of 206 foods and 32 beverages. From each answer, the intakes 

of total fat, SFAs, MUFAs, total PUFAs, Ω 3 PUFAs (n-3 PUFAs) and Ω 6 PUFAs (n-6 

PUFAs) were automatically calculated by the software and presented as variables in grams.  

To investigate whether the observed associations differ among individual fatty acids within 

each group, the UK Biobank Individual Fatty Acids dataset was analysed. This dataset provides 

detailed information on the intake of 21 individual fatty acids, including 10 SFAs (butyric acid, 

caproic acid, caprylic acid, capric acid, lauric acid, myristic acid, pentadecylic acid, palmitic 

acid, margaric acid, and stearic acid), 4 MUFAs (palmitoleic acid, oleic acid, gondoic acid, and 
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erucic acid), and 7 PUFAs (linoleic acid, alpha-linoleic acid, stearidonic acid, arachidonic acid, 

eicosapentaenoic acid, docosapentaenoic acid, and docosahexaenoic acid). 

The mean of all completed questionnaires was calculated to estimate average daily intake for 

different nutrients. The exposures of interest were percentage of total energy intake. To 

calculate this, the mean intake of dietary fatty acids in grams was multiplied by 37.7, which is 

the kJ provided by one gram of fat, to calculate the amount of total kJ provided. This was then 

calculated as a percentage of each participant’s daily total energy intake. 

3.2.3 Liver fat content 

All participants were assessed with abdominal MRI, to estimate their liver fat PDFF, which 

represents liver fat content (%). Details on the calculations and methods to measure liver fat 

can be found in Chapter 2, Section 2.1.8. 

3.2.4 Covariates 

All UK Biobank data fields used to obtain these covariates can be seen in more detail in Chapter 

2, Section 2.1.10. A set of potential confounders were chosen a priori, based on previous 

research about variables that are associated with diet and liver fat (11, 108, 109). 

Total energy intake, calculated as the average from 24-hr dietary assessments, was included as 

a confounder in the models, as a continuous variable, due to the evidence of its association with 

liver fat accumulation (16). This approach enabled the adjustment of total energy intake in the 

coding of the exposure (as a % of total energy), and by the inclusion of total energy intake as 

a confounder in the model. This nutrient density model was chosen because it considers nutrient 

intakes relative to total energy intake, which aligns with public health dietary guidelines, and 

further adjusting for total energy intake as an additional confounder improves the accuracy of 

the estimates obtained, as suggested by Tomova et al. (110). Ethnicity was self-reported during 

the assessment visit at recruitment, through the touch-screen questionnaire, and coded as 
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‘White’, ‘Mixed’, ‘Asian or Asian British’, ‘Black or Black British’, ‘Other’ or ‘Missing’ (84). 

The Townsend index was used to estimate deprivation. This index, based on unemployment, 

overcrowding, and lack of house or car ownership was used, was categorised into quintiles 

from most deprived to least deprived (85). To adjust for region, data on the assessment centre 

attended was used, and participants were categorised into 10 regions based on the location of 

the assessment centre they attended. Physical activity was included as a confounder, as it plays 

a significant role in determining the variation in energy expenditure among participants (111). 

Data from the baseline touchscreen questionnaire was used to categorise participants according 

to total MET hours value per week (low, [<10 MET hours/week], moderate [10-50 MET 

hrs/wk.], high [>50 MET hrs/wk.])(86). Smoking status was self-reported and participants were 

categorised into ‘Never’, ‘Current’, or ‘Previous’ tobacco smokers. Education was categorised 

according to the highest degree obtained from the ones specified in the touchscreen 

questionnaire at baseline. Alcohol intake was included in the models as a categorical variable, 

using data from the touchscreen questionnaire, and categorised based on groups defined by 

NICE guidelines: none (0 units/week), lower-risk/moderate drinking (>1, <14 units/week) and 

hazardous drinking (>14, <35 in women, <50 in men units/week) (88). As described in the 

exclusions section, those in the harmful drinking category (>35 in women, >50 in men 

units/week) were excluded from the sample, due to the impact excessive alcohol consumption 

has on liver fat and overall liver metabolism.  

Vegetable and fruit intake was included as a covariate as a marker of healthy diet. It was 

calculated by combining the total intake in grams of fruits and vegetables automatically 

calculated in variables from each Oxford WebQ, and by estimating the mean of all 

questionnaires. BMI was available for all participants, and the value used was the one 

calculated at the time of liver MRI assessment. Following the international classification for 

adults aged over 20 years (87), participants were categorised in groups as <25 (normal weight), 



 

41 

 

25-29.9 (overweight, 30-34.9 (obese), and ≥35 (obese II). Only 26 participants had a BMI <18, 

defined as ‘underweight’, and they were collapsed into the <25 category (normal weight).  

To explore a potential interaction between menopause status and the association between 

dietary fatty acids and liver fat, data on menopause status was included. This was based on 

findings that suggest that oestrogen slows the progression of chronic liver diseases, which 

could be because it suppresses inflammation, improves mitochondrial function and alleviates 

oxidative stress and insulin resistance (112). Women were categorised in the postmenopausal 

group if they reported it in the assessment visit, had bilateral oophorectomy or hysterectomy, 

or were more than 55 years old at the time of the liver MRI. Visceral adipose tissue (VAT) was 

included as a potential interaction, due to its association with pathological mechanisms in liver 

steatosis, linked with its secretion of pro-inflammatory cytokines and adipokines. In addition, 

VAT releases FAs into circulation, promoting insulin resistance and dyslipidaemia (56, 92). 

VAT was assessed with MRI at the same time as the liver fat, as part of the abdominal MRI, 

and a continuous variable consisting of volume of liver fat (litres) was calculated for each 

participant by the software developed by AMRA. Participants were divided into groups 

depending on whether their measurements were lower or higher than the median VAT, which 

was 2.6 litres for this sample. 

3.2.5 Statistical analysis 

Due to its skewed distribution, liver fat content (%) was logarithmically transformed. 

Multivariable linear regression models were built to estimate the difference in log liver fat 

content, per 5% increase in dietary exposure. Adjusted geometric mean percentage difference 

of liver fat% were calculated from the resulting beta coefficients. Beta coefficients obtained 

were calculated as percentage, to provide the geometric mean percentage difference in liver 

fat, per 5% increase of dietary exposure (113).  
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𝑮𝒆𝒐𝒎𝒆𝒕𝒓𝒊𝒄 𝒎𝒆𝒂𝒏 % 𝒅𝒊𝒇𝒇𝒆𝒓𝒆𝒏𝒄𝒆 = 100 (𝑒𝛽 − 1) 

For individual FAs, multivariable linear regression models were built for each of the 21 

exposures, to estimate the geometric mean % difference in liver fat, per 1 SD increase in FA 

percentage of energy intake. To address the issue of multiple comparisons across many 

statistical tests, adjustment of the level of significance for multiple testing was made by 

implementing Bonferroni correction. This was carried out as 0.05/21 exposures, and thus the 

threshold for statistical significance was 0.0024 (114). Bonferroni correction was not applied 

to the broader FAs categories (SFAs, PUFAs, and MUFAs), as they involved fewer 

comparisons and were already aggregated. Only fatty acids contributing >1% to total energy 

intake were discussed to focus on those with meaningful dietary relevance. To illustrate 

differences between high and low nutrient intake groups, population characteristics were 

presented by lowest and highest quintile of intake of fatty acids.  

In minimally adjusted models (M1), adjustments were made for sex and age at the time of MRI. 

Models were further adjusted for ethnicity (M2); region, education, and deprivation as markers 

of socioeconomic status (M3); smoking status (M4); physical activity (M5); alcohol intake 

(M6); total energy intake (M7); fruit and vegetable intake (M8); and BMI (M9). The covariates 

chosen were added sequentially, and their contribution to the models was assessed by using 

likelihood ratio tests (LRTs). To decide the coding of the nutrient variables, tests for departures 

from linearity were carried out using LRTs comparing a model with dietary fatty acid as a 

continuous variable with a model with dietary fatty acid coded as categories. Tests confirmed 

that linear variables would be a better fit and therefore exposures were coded as continuous % 

of total energy intake. Linear association assumptions were tested: model residuals were 

assessed using Q-Q plots and histograms, to ensure their normal distribution and mean of zero, 
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and homoscedasticity was confirmed by using residual versus fitted plots. No violations of the 

linear association assumptions were observed. 

3.2.6 Subgroup analyses by sex, visceral adiposity and menopausal status 

Tests for heterogeneity across sex, menopause status, and VAT groups were carried out for 

each of the dietary exposures. This was calculated by using likelihood ratio tests, comparing a 

model with the subgroup category as a confounder with another model that includes the 

subgroup as an interaction term in the association between exposure and liver fat content.  

VAT subgroup analyses were initially conducted in models excluding BMI. Additionally, 

results from VAT subgroup analyses in models including BMI were presented. 

3.2.7 Sensitivity analyses 

A subsample consisting of participants who responded to at least 4 WebQs was analysed to 

explore the associations between dietary fatty acids and liver fat content. This allowed for the 

study of these associations in participants whose dietary assessments provided a better estimate 

of usual intake and offered more opportunities to capture food groups that are not consumed 

daily (115, 116). 

An additional sensitivity analysis was included, analysing only those participants with lower 

alcohol intake according to NICE guidelines regarding alcohol consumption (men and women 

who reported <14 units/week), which represented 59% of the sample (N= 5,477). This 

facilitated the investigation of the associations between moderate alcohol intake and dietary 

FA intake (88). 

3.2.8 Software for statistical analyses 

All analyses were done using STATA S.E 16 (StataCorp. 2019. Stata Statistical Software: 

Release 16. College Station, TX: StataCorp LLC). Plots were made using the R package Jasper 

version 2 (117). 
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3.3 Results 

3.3.1 Participants characteristics 

Participant characteristics (N=9,268) are presented across lowest (Q1) and highest (Q5) 

quintiles of dietary intake of fatty acids in Table 3.1. Median liver fat was 2.6% (IQR: 1.9%-

4.0%), and 1,416 participants (15.2%) had >=5.6% of liver fat, the cut-off value to define liver 

steatosis by MRI. The mean age of the participants was 62.8 (SD: 7.3) years at the time of MRI 

measurement, and a larger proportion were women (59.3%). Individuals who reported the 

highest total fat, SFAs, MUFAs and PUFAs intake had a lower mean alcohol intake and higher 

energy intake than those in the lowest quintiles of intake. Participants were more likely to be 

current smokers in Q5 of MUFAs and SFAs consumption than in Q1. There was a higher 

proportion of participants in the most deprived category in the highest intake of all four dietary 

fat exposures. Fruits and vegetable median intake was lower in participants who reported the 

highest consumption of total fat, SFAs, and MUFAs, while it was higher in those who reported 

the highest intake of PUFAs.  

The individual fatty acids that represented >1% of energy intake in this study were oleic acid, 

linoleic acid, myristic acid, palmitic acid and stearic acid. This is consistent with the overall 

distribution of these fatty acids intake in the whole UK Biobank: linoleic and oleic acid are the 

major contributors to PUFAs and MUFAs respectively, while palmitic and stearic are the main 

SFAs (72). In this sample, the median time between last WebQ and liver MRI was 7 years and 

3 months (IQR: years 5 months-7 years 10 months). The median difference in BMI between 

baseline and time of liver MRI was +4% (IQR: 1.7- 7.1). 
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Table 3.1 Participant characteristics by lowest (Q1) and highest (Q5) quintiles of intake of fatty acids. N=9,268. 

 

  Total fat  SFAs  PUFAs  MUFAs  Overall 

 
 

Q1 Q5 
 

Q1 Q5 
 

Q1 Q5 
 

Q1 Q5 
 

N=9,268 

Liver fat content (%) * 
 

2.6 (1.8,4.0) 2.7 (1.9,4.3) 
 

2.4 (1.8,3.7) 2.7 (1.9,4.3) 
 

2.6 (1.9,4.2) 2.4 (1.8,3.7) 
 

2.6 (1.8,3.8) 2.7 (1.9,4.2) 
 

2.6 (1.9,4.0) 

Age at MRI (years) 
 

63.1 (7) 62.4 (7) 
 

62.9 (7) 63.2 (7) 
 

63.4 (7) 62.1 (7) 
 

63.1 (7) 62.3 (7.3) 
 

62.8 (7.3) 

Men^ 
 

755 (40.7) 737 (39.8) 
 

695 (37.5) 768 (41.4) 
 

786 (42.4) 682 (36.8) 
 

737 (39.8) 747 (40.3) 
 

3,738 (40.3) 

BMI (kg/m2) 
 

25.8 (3.8) 25.9 (4.2) 
 

25.6 (3.9) 25.7 (4.0) 
 

25.8 (3.9) 25.5 (4.1) 
 

25.6 (3.8) 26.0 (4.1) 
 

25.7 (3.9) 

White ethnicity ^ 
 

1,787 (96.4) 1,794 (96.8) 
 

1,766 (95.3) 1,815 (97.9) 
 

1,814 (97.8) 1,765 (95.3) 
 

1,802 (97.2) 1,789 (96.5) 
 

8,984 (96.9) 

Most deprived ^ 
 

361 (19.5) 399 (21.6) 
 

372 (20.1) 389 (21.0) 
 

350 (18.9) 434 (23.5) 
 

332 (17.9) 406 (22.0) 
 

1,849 (20.0) 

University degree ^ 
 

1,471 (79.3) 1,514 (81.7) 
 

1,472 (79.4) 1,505 (81.2) 
 

1,480 (79.8) 1,493 (80.6) 
 

1,453 (78.4) 1,491 (80.5) 
 

7,455 (80.4) 

Current smoker ^ 
 

79 (4.3) 112 (6.0) 
 

79 (4.3) 116 (6.3) 
 

98 (5.3) 75 (4.0) 
 

78 (4.2) 118 (6.4) 
 

436 (4.7) 

Low physical activity^  
 

341 (18.4) 418 (22.6) 
 

323 (17.4) 412 (22.2) 
 

400 (21.6) 380 (20.5) 
 

328 (17.7) 421 (22.7) 
 

1,837 (19.8) 

 Hazardous alcohol 

intake ^ 
 

852 (46.0) 658 (35.5) 
 

832 (44.9) 671 (36.2) 
 

840 (45.3) 627 (33.8) 
 

805 (43.4) 693 (37.4) 
 

3,780 (40.8) 

Alcohol intake 

(units/week)*  
 

16 (8,25) 12(6,21) 
 

15(8,24) 12 (6,22) 
 

15 (8,25) 12(6,20) 
 

14 (8,24) 13(6,22) 
 

14(8,23) 

Total energy intake (kJ)  
 

7573 (1696) 8938(1973) 
 

7619 (1735) 8974 (1962) 
 

8001 (1847) 8417 (1945) 
 

7620 (1689) 8860 (1986) 
 

8400 (1894) 

Fruits and vegetables 

(grams/day) * 
 

413 (283, 594) 307 (191,448) 
 

428 (293,616) 292 (187,418) 
 

356 (232,505) 367 (237,533) 
 

403 (276,575) 314 (199,460) 
 

352 (232,502) 

Total fat (% of energy 

intake)  
 

23.9 (2.7) 39.6 (3.2) 
 

25.5 (4.4) 37.6 (4.2) 
 

27.1 (5.0) 36.1 (5.2) 
 

24.4 (3.2) 38.9 (3.8) 
 

31.7 (5.6) 

SFAs (% of energy 

intake)  
 

8.4 (1.8) 14.5 (2.5) 
 

7.7 (1.2) 15.6 (1.6) 
 

11.3 (3.1) 11.2 (2.7) 
 

9.1 (2.3) 13.3 (2.7) 
 

11.5 (2.8) 

MUFAs (% of energy 

intake)  
 

8.8 (1.3) 15.2 (1.9) 
 

10.0 (2.3) 13.6 (2.3) 
 

9.6 (1.8) 14.2 (2.5) 
 

8.6 (1.1) 15.6 (1.6) 
 

12.0 (2.5) 

PUFAs (% of energy 

intake)  
 

4.5 (1.1) 6.8 (1.6) 
 

5.6 (1.6) 5.5 (1.3) 
 

3.8 (0.5) 7.8 (1.0) 
 

4.4 (1.1) 7.0 (1.4) 
 

5.6 (1.5) 

Values are mean (SD), unless otherwise specified. ^N (proportion %) *Values are median (IQR) SFAs: saturated fatty acids PUFAs: polyunsaturated fatty acids MUFAs: monounsaturated fatty acids 

kJ: kilojoules, BMI: body mass index. 
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3.3.2 Associations between dietary fatty acids and liver fat content 

The sequential adjustment for confounders presents the impact of each covariate added to the 

models in Figure 3.2. In minimally adjusted models, a 5% in both SFAs and MUFAs was 

positively associated with liver fat: +7.7% difference in liver fat geometric mean (95% 

Confidence Interval: 5.2, 10.3) for SFAs, and +5.1% (2.3, 7.9), for MUFAs. In contrast, PUFAs 

presented an inverse association with liver fat: -7.4% (-11.3, -3.3). It can be observed that the 

addition of most confounders had a moderate impact on the estimates. In particular, the 

inclusion of body mass index notably decreased the strength of the associations between all 

fatty acids and liver fat. Body mass index had a substantial impact in the statistical significance 

of the associations between MUFAs and liver fat, and its addition changed the estimates from 

+3.5% (0.7, 6.4) to +1.9% (-0.6, 4.4). Adjustment for most of the other covariates did not have 

substantial impact, except for fruits and vegetables, which modestly attenuated the associations 

for total fat, SFAs and MUFAs.  
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Figure 3.2 Liver fat geometric mean % difference per 5% increase in dietary fatty acids, in minimally adjusted models and by addition of confounders. 
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 Fully adjusted associations between a 5% increase in dietary fatty acids and liver fat % 

are presented in Figure 3.3. In this sample, a 5% increase in total fat intake was associated with 

a liver fat geometric mean percentage difference of +1.4% (0.3, 2.5; p value=0.02). A 5% 

increase in SFAs was associated with a +5.6% (3.3, 8.0; p <0.001) liver fat geometric mean 

percentage difference. Conversely, an increase of 5% intake of PUFAs was inversely 

associated with liver fat, with -4.7% (:-8.3, -0.9; p=0.01) liver fat geometric mean. MUFAs 

presented a non-significant positive association with liver fat: +1.9% (-0.6, 4.4; p=0.15).  

 

Figure 3.3 Liver fat geometric mean % difference per 5% increase in dietary fatty acids, in fully adjusted models. 

Models were adjusted for age, ethnicity, Townsend deprivation index, education, region, smoking status, physical 

activity, alcohol intake, total energy intake, fruits and vegetables intake and body mass index. N=9,268. 

 

3.3.3 Associations between individual dietary fatty acids and liver fat content 

As many of the individual FAs represented a very low proportion of total energy intake, the 

reporting of findings will only focus on individual FAs which represented at least 1% of total 

energy intake. After fully adjusting for confounders, the largest association was observed 
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between stearic acid and liver fat: per 1SD increase in stearic acid, there was a +3.8 % (2.5, 

5.51) geometric mean % difference in liver fat (Figure 3.4). Palmitic acid was also associated 

with higher liver fat, with geometric mean difference of +2.9% (1.6, 4.2) per 1SD increase in 

intake. In the case of PUFAs, total omega-3 fatty acids and omega-6 fatty acids both had inverse 

associations with liver fat: per 1 SD increase there was a geometric mean difference of -1.5% 

(-2.6, -0.4) and -1.6 (-2.7, -0.5), respectively. However, the significance threshold established 

to correct for multiple testing was not met (p=0.006 and 0.004, respectively).  
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Figure 3.4 Geometric mean % difference in liver fat, per 1SD increase in individual fatty acids intake. Models 

were adjusted for age, ethnicity, Townsend deprivation index, education, region, smoking status, physical activity, 

alcohol intake, total energy intake, fruits and vegetable intake and BMI. *statistically significant: <0.0024. 
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3.3.4 Subgroup analyses 

An interaction between visceral adiposity and SFAs was observed, but was not present for 

PUFAs or MUFAs (Figure 3.5).  

 

Figure 3.5 Subgroup analyses by adiposity. Linear regression models were used to calculate the geometric mean 

% difference in liver fat, by 5% increase in dietary fatty acids intake. Models were adjusted for age, sex, ethnicity, 

Townsend deprivation index, education, region, smoking status, physical activity, alcohol intake, total energy 

intake, fruits and vegetables intake, and BMI. 
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For SFAs, those in the group with VAT higher than the median (2.6 litres) had a liver fat 

geometric mean difference of +8.0% (4.4, 11.7) per 5% increase in SFAs intake. On the 

opposite, per 5% in SFAs intake, those on the lower VAT group presented a liver fat geometric 

mean difference of 2.5% (0.2, 4.9, p for heterogeneity=0.003).  

For the associations between SFAs and liver fat, men presented a stronger association between 

SFAs and liver fat than women (+7.5% [3.9, 11.3] liver fat geometric mean compared to +4.4% 

[1.6, 7.2], per 5% increase in SFAs intake), which can be observed in Figure 3.6. 

No significant interactions were found between menopausal status and SFAs (p 

heterogeneity=0.60), MUFAs (p heterogeneity =0.86), or PUFAs (p heterogeneity=0.39). 
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Figure 3.6 Subgroup analyses by sex. Linear regression models were used to calculate the geometric mean % 

difference in liver fat, by 5% increase in dietary fatty acids intake. Models were adjusted for age, ethnicity, 

Townsend deprivation index, education, region, smoking status, physical activity, alcohol intake, total energy 

intake, fruits and vegetables intake and BMI. 
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3.3.5 Sensitivity analyses 

Participants who responded to four to five WebQs represented 30.5% of the sample (N=2,828). 

The direction of the associations and the level of significance was similar to the results from 

the main sample, with the exception of total fat, which became non-significant. Associations 

between PUFAs and liver fat became stronger, as the geometric mean % difference in liver fat 

per 5% increase in PUFAs was -10.7% (-17.6, -3.3) (Figure 3.7). This was substantially 

stronger than the results from the main sample: -4.7% (-8.3, -0.9) liver fat geometric mean % 

difference per 5% increase in PUFAs.  

 

Figure 3.7 Sensitivity analysis. Analysis was restricted to participants who answered 4 to 5 WebQ. Models were 

adjusted for age, ethnicity, Townsend deprivation index, education, region, smoking status, physical activity, 

alcohol intake, total energy intake, fruit and vegetable intake, and body mass index (N=2,828).  

For individual fatty acids, restricting the sample to those who answered ≥4 WebQs did not 

substantially change the associations presented in the main sample (Table 3.2).
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Table 3.2 Results obtained from sensitivity analyses restricted to participants who answered 4 to 5 WebQ 

(N=2,828) compared to results obtained from main sample. 

Individual fatty 

acids 

(per 1SD increase) 

Geometric mean %difference 

in liver fat (95%CI) 

(N=2,828) 

Geometric mean % 

difference in liver fat 

(95%CI) 

(Main sample: N=9,268) 

SFAs   

Butyric 3.0 (0.6, 5.5) 2.1 (0.9, 3.4) 

Caproic 2.8 (0.3, 5.2) 2.0 (0.8, 3.2) 

Caprylic 2.2 (-0.4, 4.8) 1.8 (0.5, 3.0) 

Capric 1.9 (-0.5, 4.4) 1.5 (0.3, 2.7) 

Lauric 1.6 (-1.2, 4.5) 1.3 (0.1, 2.6) 

Myristic 2.7 (0.3, 5.2) 2.0 (0.8, 3.3) 

Pentadecyclic 3.1 (0.7, 5.5) 2.6 (1.4, 3.9) 

Palmitic 3.6 (1.0, 6.3) 2.9 (1.6, 4.0) 

Margaric 3.4 (0.9, 6.0) 2.8 (1.6, 4.0) 

Stearic 5.2 (2.5, 7.9) 3.8 (2.5, 5.1) 

MUFAs   

Palmitoleic 1.1 (-1.3, 3.6) 1.0 (-0.2, 2.2) 

Oleic 0.8 (-1.8, 3.4) 1.0 (-0.2, 2.3) 

Erucic -3.1 (-5.7, -0.6) -1.9 (-2.9, -0.8) 

Gondoic -0.2 (-2.9, -2.5) -1.0 (-2.1, 0.2) 

PUFAs   

Total omega 3 -3.8 (-6.2, -1.2) -1.5 -2.6, -0.4) 

Total omega 6 -3.4 (-5.6, -1.1) -1.6 (-2.7, -0.5) 

Linoleic -2.4 (-4.7, -0.1) -0.9 (-2.0, 0.2) 

Alpha-linoleic -3.6 (-5.8, -1.4) -1.6 (-2.7, -0.4) 

Stearidonic -3.0 (-5.6, -0.5) -1.6 (-2.7, -0.6) 

Arachidonic -0.1 (-2.6, 2.5) 0.0 (-1.2, 1.1) 

EPA 1.0 (-1.5, 3.6) 0.9 (-0.3, 2.1) 

DPA -1.6 (-4.2, 1.0) -0.8 (-1.9, 0.3) 

DHA -3.1 (-5.6, -0.5) -1.5 (-2.6, -0.5) 

SFAs: saturated fatty acids PUFAs: polyunsaturated fatty acids MUFAs: monounsaturated fatty acids, 

EPA: eicosapentanoic acid DPA: docosapentanoic acid, DHA: docosahexaenoic acid 

 

Limiting the sample to participants whose alcohol consumption was lower than 14 units per 

week resulted in a sample of N=5,477 (Table 3.3). When fully adjusting for confounders, the 

positive associations between liver fat and dietary SFAs and total fat remained similar to the 

overall sample. However, PUFAs associations were not significant in this sensitivity analysis. 
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SFAs: saturated fatty acids PUFAs: polyunsaturated fatty acids MUFAs: monounsaturated fatty acids, EPA: 

eicosapentanoic acid DPA: docosapentanoic acid, DHA: docosahexaenoic acid. 

 

Table 3.3 Sensitivity analysis. Results obtained from fully adjusted models examining participants with lower 

alcohol consumption (N=5,477)1,2, compared with results obtained from main sample 

 

Geometric mean % 

difference in liver fat 

(95%CI) 

(N=5,477) 

Geometric mean % difference in 

liver fat (95%CI) 

(Main sample:N=9,268) 

Fatty acid (per 5% increase) 
  

Total fat  1.8 (0.2,3.5) 1.4 (0.3, 2.5) 

PUFAs  -4.1 (-9.2,1.2) -4.7 (-8.3, -0.9) 

SFAs 6.0 (2.7,9.3) 5.6 (3.3, 8.0) 

MUFAs  3.5 (-0.1,7.1) 1.9 (-0.6, 4.4) 

 

Individual fatty acids ( per 

1SD increase)   

SFAs   

Butyric 1.7 (0.1,3.4) 2.1 (0.9, 3.4) 

Caproic 1.6 (-0.1,3.2) 2.0 (0.8, 3.2) 

Caprylic 1.5 (-0.2,3.2) 1.8 (0.5, 3.0) 

Capric 0.8 (-0.8,2.5) 1.5 (0.3, 2.7) 

Lauric 1.0 (-0.7,2.8) 1.3 (0.1, 2.6) 

Myristic 1.6 (-0.1,3.3) 2.0 (0.8, 3.3) 

Pentadecyclic 2.2 (0.5,3.9) 2.6 (1.4, 3.9) 

Palmitic 3.3 (1.5,5.2) 2.9 (1.6, 4.0) 

Margaric 2.7 (1.0,4.4) 2.8 (1.6, 4.0) 

Stearic 4.4 (2.5,6.3) 3.8 (2.5, 5.1) 

MUFAs   

Palmitoleic 1.6 (-0.1,3.3) 1.0 (-0.2, 2.2) 

Oleic 1.9 (0.1,3.7) 1.0 (-0.2, 2.3) 

Gondoic -0.7 (-2.2,0.9) -1.9 (-2.9, -0.8) 

Erucic -2.2 (-3.7,-0.7) -1.0 (-2.1, 0.2) 

PUFAs   

Total omega 3 PUFAs -1.9 (-3.4,-0.4) -1.5 -2.6, -0.4) 

Total omega 6 PUFAs -1.5 (-3.1,0.1) -1.6 (-2.7, -0.5) 

Linoleic -0.5 (-2.0,1.1) -0.9 (-2.0, 0.2) 

Alpha-linoleic -2.3 (-3.9,-0.8) -1.6 (-2.7, -0.4) 

Stearidonic -2.0 (-3.5,-0.5) -1.6 (-2.7, -0.6) 

Arachidonic 0.5 (-1.1,2.1) 0.0 (-1.2, 1.1) 

EPA 1.2 (-0.5,2.9) 0.9 (-0.3, 2.1) 

DPA -0.9 (-2.4,0.6) -0.8 (-1.9, 0.3) 

DHA -1.9 (-3.3,-0.4) -1.5 (-2.6, -0.5) 
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3.4 Discussion 

3.4.1 Main findings 

This observational study of 9,268 participants from the UK Biobank was the first to investigate 

the associations between individual fatty acids and liver fat content in the UK Biobank, and 

found positive associations between dietary SFAs intake, and inverse associations between 

dietary PUFAs intake and liver fat content, whilst no relationship was observed between dietary 

MUFAs intake and liver fat content, after fully adjusting for confounders. Individual fatty acids 

observed followed the group they belonged to, and those that were significant represented the 

major sources of energy in this sample. In subgroup analyses, the associations between SFAs 

and liver fat content were stronger for men, and for people in the high VAT category. No 

significant interactions by menopausal status were observed in any analyses performed.  

A 5% increase in SFAs was positively associated with liver fat content, which is consistent 

with many observational and interventional studies investigating the role of SFAs in liver 

steatosis across different settings (31, 32, 44, 45, 48). This study reinforces the positive 

associations between SFAs and liver fat published in studies on the UK Biobank in recent 

years (31, 32) and adds to the published literature by studying a larger sample, with the use of 

at least 2 dietary assessments, and careful consideration of alcohol intake, VAT and BMI. A 

potential explanation is that SFAs would promote accumulation of liver fat, because SFAs are 

associated with higher production of ceramides (23, 47). Ceramides promote insulin resistance 

in the liver, inflammation and mitochondrial dysfunction, which would explain the higher liver 

fat content (23). The higher association between SFAs and liver fat content in participants with 

high VAT may be explained by the fact that a higher VAT depot contributes to higher flux of 

FAs, as VAT secretes FAs to the bloodstream, increasing the availability of SFAs, and the 

excess SFAs would promote accumulation of liver fat.  
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Previous studies have found that a high PUFAs dietary pattern is associated with a lower risk 

of NAFLD (33, 105), consistent with my results for PUFAs and their inverse association with 

liver fat content. This could be explained by the fact that whole-body oxidation of dietary 

PUFAs, may be higher than other fatty acids: an interventional study found that linoleic 

acid (the major PUFAs contributor to energy intake in this study) was partitioned into oxidation 

pathways at much greater extent than palmitic acid (the major contributor to energy intake in 

this sample), therefore reducing its availability to be metabolised towards fat deposition in the 

liver (118). It could be argued that PUFAs may increase oxidation by the activation of 

peroxisome proliferator activated receptors in the liver (119). 

However, when restricting the sample to participants with lower alcohol intake in a sensitivity 

analysis, the associations between PUFAs and liver fat content became non-significant. As this 

group consisted of less than 60% of the total main sample, a potential explanation of the lack 

of significance may be a substantial reduction in power, lowering the ability to detect 

associations. No individual PUFAs presented significant associations in main analyses or 

sensitivity analyses.  

3.4.2 Strengths and limitations 

The analyses presented had many strengths, including outcome ascertainment, as the use of 

MRIs provided a non-invasive and accurate measurement of liver fat content (80). The use of 

MRI for quantifying liver fat has recently been compared to biopsies, and a meta-analysis 

concluded that the area under the curve consistently exceeds 90% for detecting all grades of 

steatosis, while it slightly drops at very advanced levels of steatosis (120). In addition, there is 

no need to carry out biopsies which are invasive and present more risks and discomfort for 

participants. This sample consisted of participants without a known diagnosis of diabetes. The 

detailed data available from the recruitment assessment, along with linkage to hospital 

admissions data, enabled the identification and exclusion of relevant cases. This is a strength 
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because it ensured the inclusion of participants without metabolic impairments caused by 

diabetes or insulin resistance, conditions that substantially influence liver metabolism and may 

confound the associations between fatty acids and liver fat content. 

Another strength of this study is that it investigated potential differences between men and 

women, and levels of visceral adiposity, independently of BMI. This provides results not only 

considering participants total BMI, but the VAT component, which has a metabolic role and is 

linked to inflammation and overall metabolic impairment. 

The data obtained from the Oxford WebQ provided detailed information about dietary fatty 

acids and individual fatty acids. In contrast with two similar studies carried out by Chen et al. 

and Friden et al. in the UK Biobank, with similar research questions, a minimum of two WebQs 

instead of a minimum of one was required for inclusion in this study (31, 32). This provided 

more precise measurements of diet, as one dietary assessment is considered a poor estimate of 

true long-term diet (31, 32, 121). The use of sensitivity analyses restricted to ≥4 dietary 

assessments was particularly relevant in the case of PUFAs, as their main sources are certain 

types of food products which in the UK may be consumed approximately around one portion 

per week (107, 122). This repeated assessment attempted to account for variation in nutrient 

intake across time by administrating it throughout different times of the week and year, in a 

way that prevents response fatigue (70). However, it is important to note that self-reported 

dietary intake may introduce measurement error, and therefore information bias. For example, 

it is likely that self-report biases the associations towards the null in this case, as food products 

considered unhealthy, rich in saturated fats, may have been underreported (123). Therefore, the 

strength of the associations observed here may be lower than in real conditions.  

Due to the age at recruitment of the UK Biobank cohort, most of the women in this sample 

were in the post menopause group (women included were 62 years old on average). In addition, 
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the measurement of menopausal status was imperfect as it relied on self-report and age at the 

time of MRI. The potential interaction between menopause status and the association between 

dietary fatty acids and liver fat could be studied more precisely in cohorts that recruit women 

at younger age, and with more precise measurements of menopausal status. 

While this cohort attempted to recruit participants who are representative of the UK population, 

only ~5% of those who were invited actually participated. Plausibly, the small amount of those 

who participated compared to those invited may have introduced a healthy (and wealthy) 

volunteer bias, which could especially affect the willingness to respond multiple dietary 

questionnaires (70). Still, while acknowledging the tendency to be more health-conscious, 

analyses can be carried out and comparisons between low and high intakes can inform different 

associations between dietary fats and liver fat. In addition, it has been shown that results from 

studies using the UK Biobank could be generalisable, as they have been consistent with studies 

that were adequately representative of the population of interest (124, 125). Finally, the UK 

Biobank population is >90% of white ethnicity, and the results shown here may not be 

generalisable to more diverse populations. 

3.5 Conclusions 

This was the first study to assess the associations between individual fatty acids and liver fat 

content, and the first one to assess dietary fatty acids and liver fat using at least 2 dietary 

questionnaires in the UK Biobank. It was observed that dietary SFAs intake exhibits a positive 

association with liver fat content, with stronger associations for men, and for participants in the 

highest category of VAT. The associations of PUFAs and MUFAs are less clear and should be 

considered carefully, with new studies that allow ideal control for confounders, especially 

alcohol intake. More research about fatty acids and liver fat could be enhanced by looking at 

more diverse populations, larger groups of premenopausal women, using data of individual 

fatty acids, and more precise measurements of alcohol intake. 
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The results from this chapter highlight the potentially harmful role of SFAs in regards to liver 

fat accumulation, and confirms the current recommendations in the UK of low dietary SFAs 

intake (<10% of total energy intake).
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4 Dietary fatty acids and MASLD in the UK Biobank 

4.1 Introduction and aim 

Until 2023, liver steatosis that was not attributable to excessive alcohol consumption or other 

specific diseases was categorised as NAFLD (non-alcoholic fatty liver disease). MASLD 

(metabolic dysfunction-associated steatotic liver disease), defined as SLD in the presence of 

one cardiometabolic factor, has been adopted as a replacement of the term NAFLD (7).  

The guidelines from EASL have been updated and developed recommendations based on these 

new definitions, while some others, like the UK NICE guidelines, yet have to incorporate the 

new definitions, as they still refer to NAFLD (6, 101). 

Studies have observed that data from NAFLD can be extrapolated to MASLD, and studies have 

observed that MASLD has very similar mortality rates and clinical profiles (126-129). 

However, they found that some patients who would have been diagnosed as NAFLD were not 

diagnosed with MASLD, and they were younger, leaner and with less comorbidities. This 

suggests that NAFLD and MASLD can still be considered two different entities, and dietary 

habits may relate to them differently. Therefore, the aim of this study was to examine the 

associations between dietary fatty acids and MASLD, to understand if any of the expected 

associations are different when the outcome is slightly different.  

4.2 Methods 

4.2.1 Study sample, inclusion, and exclusion criteria, 

Participants were included if they had liver MRI data available and had completed at least 2 

dietary assessments using the Oxford WebQ. To study MASLD as a binary outcome, the 

exclusion criteria and data sources used were the same as the previous study looking at liver 

fat content in Chapter 3, with the difference that cholesterol lowering medication users and 

participants living with diabetes were retained for this analysis, as they consist of 
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cardiometabolic factors that are part of the definition of MASLD (Figure 4.1). The 

cardiometabolic factors considered for the MASLD definition are high BMI, high waist 

circumference, diabetes, hypertension, and dyslipidaemia. 

 

Figure 4.1 Flow chart with exclusion criteria. 

4.2.2 Steatotic liver disease (SLD) and categories 

Participants were classified following the new SLD definitions proposed by the global 

consensus presented in 2023 which can be seen in Figure 4.2 (7). Other than MASLD, the rest 

of the SLD categories were cryptogenic (CSLD), MetALD (metabolic and alcohol associated 

steatotic liver disease), ALD (alcohol associated steatotic liver disease) and SLD due to specific 

causes such as drug induced liver injury. Steatosis was defined as >5.6% of liver fat content 
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measured by MRI. This was obtained from data from the first imaging visit in the UK Biobank, 

which in this sample were performed between 2014 and 2020. The cardiometabolic factors 

were defined as BMI>=25 measured at the time of MRI assessment, waist 

circumference>80 cm in women or >90 cm in men, diabetes, blood pressure lowering 

medication, or use of cholesterol lowering medication.  

 

Figure 4.2 Classification of steatotic liver disease. W: women, M: men, WC: waist circumference. 

The variables used to define steatosis and cardiometabolic factors can be found in Table 4.1. 

Furthermore, participants with alcohol intake surpassing the thresholds for MASLD were 

categorized under either MetALD (metabolic and alcohol associated steatotic liver disease) or 

ALD (alcohol related steatotic liver disease). MetALD, ALD, and CSLD cases were excluded 

from the final sample. 
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Table 4.1 Variables used to define MASLD. 

  Data-field Additional information 

Steatosis    

Liver PDFF (fat %)  24352 Liver proton density fat fraction 

Cardiometabolic 

factors   

Body mass index 

(BMI)  23104 Body mass index measured at time of MRI 

Waist circumference  67 Waist circumference 

High blood pressure  

6177 and 

6153 

Medication for cholesterol, blood pressure or 

diabetes 

   20002 Verbal interview: hypertension 

Diabetes   

6177 and 

6153 

 

Medication for cholesterol, blood pressure or diabetes 

  20002 Verbal interview: diabetes diagnosed by a doctor 

 

4.2.3 Dietary fatty acids and individual fatty acids assessment 

The dietary exposures considered were total fat, and different fatty acids, according to their 

structure: SFAs, MUFAs and PUFAs. Dietary fatty acids data was obtained from the Oxford 

WebQ questionnaires, which were carried out in at least two of five opportunities. The periods 

in which each were taken can be seen in Chapter 2: Figure 2.2. Fatty acid intake was 

automatically calculated from the participants’ answers, and the mean of completed dietary 

questionnaires was obtained for each participant to calculate their mean intake per day. In 

addition, the individual fatty acids dataset from the UK Biobank provided information about 

21 fatty acids (72). This facilitated the investigation into the relationship between 10 SFAs, 4 

MUFAs, and 7 PUFAs and MASLD. More information about the calculation of nutrients 

obtained from the participants answers can be found in Chapter 2, Section 2.1.6. All exposures 

were coded as percentage of total energy intake. 
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4.2.4 Covariates 

Due to their relationship with liver fat and their relevance in previous literature, age, sex 

ethnicity, education, physical activity, smoking status, total energy intake and fruits and 

vegetables intake were considered covariates to include in the analyses. These confounders 

followed the same coding as those in Chapter 3. More information about the coding and 

categories of covariates is presented in Chapter 2,Section 2.1.10. 

4.2.5 Statistical analysis 

Multivariable logistic regression models were built to calculate the odds ratio of MASLD, per 

5 % increase in dietary fatty acids. In minimally adjusted models (M1), adjustments were made 

for sex and age at recruitment. Models were further adjusted for ethnicity (M2); region, 

education and deprivation as markers of socioeconomic status (M3); smoking status (M4); 

physical activity (M5); total energy intake (M6) and fruits and vegetables intake (M7). Models 

were not adjusted by BMI as this was considered one of the cardiometabolic factors to define 

the outcome MASLD, or by alcohol intake as this data was used to classify participants into 

SLD categories. For individual fatty acids, multivariable logistic regression models assessed 

ORs of MASLD per 1SD increase of each of the 21 individual fatty acids. 

4.2.6 Subgroup analyses  

For each of the dietary exposures, tests for heterogeneity across sex, VAT groups and 

menopause status were carried out. This was done by using LRTs that compare models with 

the variable as a confounder with a more complex one including it as an effect modifier.  

4.2.7 Sensitivity analysis: ≥4 WebQ 

As a sensitivity analysis, the participants who answered at least 4 Oxford WebQs were 

included, to allow for a better chance to capture consumption of food items that are usually 

eaten only once or a few times a week and prevent potential misclassification. 
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4.3 Results  

4.3.1 SLD prevalence and final sample participant characteristics  

Following the SLD definitions, 1,388 participants (10.7%) were categorised as MASLD in this 

sample (Table 4.2). Characteristics across all SLD categories were summarised to provide a 

comprehensive overview of the study population using the new SLD definitions, 

acknowledging their recent inclusion and the opportunity to explore these categories in the UK 

Biobank. The proportion of SLD cases other than MASLD (CSLD, MetALD, and ALD) 

combined was 7%. Subsequently, the sample was restricted to participants with MASLD and 

with no SLD for all analyses.
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Values are mean (SD), unless otherwise specified. ^N (proportion %) *Values are median (IQR) SFAs: saturated fatty acids PUFAs: polyunsaturated fatty acids MUFAs: monounsaturated fatty 

acids kJ: kilojoules Low physical activity: <10 metabolic equivalent hours/week 

 

 

Table 4.2. Participant characteristics by SLD categories. N=13,031. 

 
No steatotic liver 

disease 

CSLD MASLD MetALD ALD Total p-value 

  10,696 (82.1%) 108 (0.8%) 1,388 (10.7%) N=239 (1.8%) N=600 (4.6%) N=13,031   

Liver fat content (%)* 2.4 (1.8,3.3) 7.2 (6.1,9.1) 8.8 (6.8,12.5) 8.7 (6.8,12.5) 9.6 (7.0,13.4) 2.7 (1.9,4.4) <0.001 

Age (years at MRI) 54.8 (7.5) 54.9 (7.2) 54.9 (7.2) 55.5 (7.2) 54.5 (7.1) 54.8 (7.4)  0.53 

Men^ 4,693 (43.9%) 73 (67.6%) 765 (55.1%) 195 (81.6%) 312 (52.0%) 6,038 (46.3%) <0.001 

Body mass index* 24.8 (22.7,27.2) 23.8 (23.1,24.5) 29.7 (27.3,32.6) 29.5 (27.5,31.6) 30.1 (27.3,33.4) 25.5 (23.1,28.3) <0.001 

White ethnicity^ 10,377 (97.0%) 103 (95.4%) 1,354 (97.6%) 235 (98.3%) 576 (96.0%) 12,645 (97.0%)  0.055 

Most deprived^ 2,107 (19.7%) 14 (13.0%) 280 (20.2%) 46 (19.2%) 154 (25.8%) 2,601 (20.0%)  <0.001 

Professional qualification^ 1,122 (10.5%) 12 (11.1%) 176 (12.7%) 24 (10.0%) 82 (13.7%) 1,416 (10.9%) <0.001 

London region^ 1,460 (13.6%) 7 (6.5%) 167 (12.0%) 24 (10.0%) 49 (8.2%) 1,707 (13.1%) <0.001 

Current smoker^ 545 (5.1%) 7 (6.5%) 78 (5.6%) 23 (9.6%) 53 (8.8%) 706 (5.4%) <0.001 

Low physical activity^ 2,100 (19.6%) 19 (17.6%) 343 (24.7%) 61 (25.5%) 174 (29.0%) 2,697 (20.7%) <0.001 

Alcohol intake (g/wk.)* 128.0 (64.0,216.0) 128.0 (66.0,200.0) 112.0 (52.0,180.0) 332.0 (304.0,368.0) 528.0 (448.0,644.0) 128.0 (64.0,224.0) <0.001 

Total energy intake (kJ) 8463.0 (1911.3) 8827.1 (1927.4) 8505.0 (1964.0) 9212.5 (1954.5) 8786.7 (2149.6) 8499.1 (1933.1) <0.001 

Total fat (% total energy) 31.3 (5.7) 31.7 (5.5) 31.9 (5.9) 30.5 (5.8) 31.6 (6.1) 31.4 (5.7) <0.001 

SFAs (% total energy) 11.3 (2.8) 12.0 (3.2) 11.7 (2.9) 11.2 (2.8) 11.7 (3.1) 11.4 (2.8) <0.001 

PUFAs (% total energy) 5.6 (1.5) 5.3 (1.3) 5.5 (1.4) 5.2 (1.2) 5.4 (1.4) 5.6 (1.4) <0.001 

MUFAs (% total energy) 11.8 (2.5) 11.8 (2.2) 12.1 (2.6) 11.6 (2.5) 12.0 (2.6) 11.9 (2.5) <0.001 
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After excluding non-MASLD cases of SLD, the final sample consisted of 12,084 participants 

(Table 4.3). MASLD participants with 1 cardiometabolic factor represented 56% of the cases 

(n=782), participants with 2 cardiometabolic factors represented 28 % (n=391), 13% had 3 

(n=176), and 3% had 4 (N=39).  

Table 4.3 Participant characteristics by MASLD status. 

  No steatosis MASLD Total p-value 

 N=10,696 N=1,388 N=12,084  

Liver fat content (%) 2.4 (1.8,3.3) 8.8 (6.8,12.5) 2.6 (1.9,3.9) <0.001 

Age at MRI (years) 54.8 (7.5) 54.9 (7.2) 54.8 (7.4)  0.77 

Men 4,693 (43.9%) 765 (55.1%) 5,458 (45.2%) <0.001 

Body mass index (kg/m2) 24.8 (22.7,27.2) 29.7 (27.3,32.6) 25.2 (22.9,27.9) <0.001 

Current smoker 545 (5.1%) 78 (5.6%) 623 (5.2%)  0.30 

Low physical activity* 2,100 (19.6%) 343 (24.7%) 2,443 (20.2%) <0.001 

Alcohol intake (g/wk.) 128.0 (64.0,216.0) 112.0 (52.0,180.0) 128.0 (64.0,208.0) <0.001 

Diabetes  164 (1.5%) 88 (6.3%%) 252 (2.1%) <0.001 

Total energy intake 8463.0 (1911.3) 8505.0 (1964.0) 8467.8 (1917)  0.44 

Total fat (% of energy intake) 31.3 (5.7) 31.9 (5.9) 31.4 (5.7) <0.001 

SFAs (% of energy intake) 11.3 (2.8) 11.7 (2.9) 11.3 (2.8) <0.001 

PUFAs (% of energy intake) 5.6 (1.5) 5.5 (1.4) 5.6 (1.4)  0.16 

MUFAs (% of energy intake) 11.8 (2.5) 12.1 (2.6) 11.9 (2.5) <0.001 

*<10 Metabolic-equivalent hour/week 
Values are N (proportion %), or mean (SD) 

^Values are median (IQR) SFAs: saturated fatty acids PUFAs: polyunsaturated fatty acids MUFAs: monounsaturated fatty acids 

kJ: kilojoules  

 

The most prevalent cardiometabolic factor was high BMI or high waist circumference, present 

in 1,346 of the MASLD cases (97%), while diabetes was the least prevalent, present in 88 

cases (6%). Those in the MASLD group reported a higher intake of total fat, SFAs, and 

MUFAs. There was no significant difference in PUFAs intake between cases and participants 

without steatosis.



 

70 

 

4.3.2 Dietary fatty acids and MASLD 

The results obtained in every model after adjusting for confounders can be observed in Figure 

4.3. There were minimal changes in the associations across models as confounders were 

included. In fully adjusted models, (Figure 4.4), a 5% increase in total fat presented a positive 

association with MASLD: OR 1.10 (1.05-1.16). A 5% increase in SFAs and MUFAs was 

associated with higher odds of MASLD, with OR of 1.25 (1.12-1.39) and 1.25 (1.12-140) 

respectively. Dietary PUFAs did not show any significant association with MASLD, in crude 

or adjusted models (OR: 0.92 [0.76-1.11]).
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.  

Figure 4.3 Sequential adjustment for confounders (n=12,084). Odds of MASLD per 5% increase in dietary fatty acids. 

SFAs: saturated fatty acids PUFAs: polyunsaturated fatty acids MUFAs: monounsaturated fatty acids 
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Figure 4.4 OR of MASLD (N=12,084), per 5% increase in dietary intake. 1,388 cases. Adjusted for sex, age, 

ethnicity, deprivation, education, region, smoking status, physical activity, total energy intake, fruits and 

vegetables intake. 

 

4.3.3 Individual dietary fatty acids and MASLD  

Only linoleic, oleic, palmitic and stearic acid, as well as total omega 3 PUFAs and omega 6 

PUFAs represented more than 1% of total energy intake, so only their results are considered 

relevant for this study. An increase in 1SD of stearic acid increased the odds of MASLD by 

19% (OR: 1.19 [1.12, 1.26]) (Figure 4.5). Palmitic and oleic acid also presented positive 

associations with MASLD, with an increase in the odds of MASLD of 16% (OR: 1.16 [1.09-

1.23]), and 13% (OR: 1.13 [1.06-1.19]), respectively).
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Figure 4.5 OR of MASLD (N=12,084), per 1SD increase in individual fatty acid intake. 1,388 cases of MASLD. 

Adjusted for sex, age, ethnicity, deprivation, education, region, smoking status, physical activity, total energy 

intake, fruits and vegetables intake. 

EPA: eicosapentanoic acid DPA: docosapentanoic acid, DHA: docosahexaenoic acid. 
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4.3.4 Subgroup analysis 

No evidence of heterogeneity was observed across menopause status, visceral adiposity groups, 

and sex, for any of the fatty acid intake (Table 4.4).  

Table 4.4 OR of MASLD per 5% of dietary fatty acids: subgroup analyses and tests for interaction 

  Total fat SFAs MUFAs PUFAs 

Overall 1.10 (1.05 , 1.16) 1.25 (1.12 , 1.39) 1.25 (1.12 , 1.40) 0.92 (0.76 , 1.11) 

VAT>2.8 1.10 (1.04 , 1.16) 1.29 (1.15 , 1.45) 1.17 (1.03 , 1.32) 0.96 (0.77 , 1.20) 

VAT<2.8 1.04 (0.84 , 1.29) 1.27 (0.83 , 1.95) 1.08 (0.66 , 1.74) 0.59 (0.25 , 1.42) 

     

p heterogeneity 0.63 0.94 0.75 0.29 

Men 1.15 (1.07 , 1.23) 1.35 (1.18 , 1.56) 1.32 (1.13 , 1.55) 0.97 (0.73 , 1.28) 

Women 1.06 (0.98 , 1.14) 1.14 (0.98 , 1.33) 1.18 (1.00 , 1.38) 0.87 (0.66 , 1.15) 

     

p heterogeneity 0.12 0.10 0.31 0.61 

Premenopausal 1.02 (0.94 , 1.11) 1.04 (0.87 , 1.24) 1.12 (0.92 , 1.35) 1.12 (0.92 , 1.35) 

Postmenopausal 1.05 (0.89 , 1.23) 1.09 (0.78 , 1.53) 1.16 (0.82 , 1.64) 1.16 (0.82 , 1.64) 

     

p heterogeneity 0.78 0.84 0.85 0.72 

 

4.3.5 Sensitivity analysis 

After excluding participants with less than 4 dietary questionnaires, previous observation 

regarding the associations between total dietary fat intake and odds of MASLD were 

maintained (OR: 1.23 [1.11-1.36]). However, sensitivity analysis resulted in greater odds of 

MASLD per 5% increase in SFAs (OR: 1.37 [1.11-1.68]) or MUFAs 

intakes (OR:  1.64  [1.31- 2.05]) (Figure 4.6). The results for dietary PUFAs intake remained 

non-significant.  
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Figure 4.6 Sensitivity analysis. OR of MASLD (N=3,649), restricted to those who answered ≥4 WebQs. 424 

cases. Adjusted for sex, age, ethnicity, deprivation, education, region, smoking status, physical activity, total 

energy intake, fruits and vegetables intake. 

The results of the sensitivity analyses for individual fatty acids as exposures can be found in 

Figure 4.7. The results for palmitic, stearic and margaric acid became slightly stronger and 

remained significant. 
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Figure 4.7 Sensitivity analysis, restricted to those who answered ≥4 WebQs. Odds ratio of MASLD (95%CI) per 

1SD increase in dietary fatty acids (N=3,649). 

EPA: eicosapentanoic acid DPA: docosapentanoic acid, DHA: docosahexaenoic acid. 
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4.4 Discussion 

4.4.1 Main findings 

This study analysed 12,031 participants from the UK Biobank and found that a 5% increase of 

dietary total fat, SFAs or MUFAs was associated with higher odds of MASLD, while there 

were no significant associations between dietary PUFAs and MASLD. When investigating 

intake of individual fatty acid it was observed that the association between SFAs and odds of 

MASLD were mainly driven by palmitic, margaric and stearic acid, whereas in regards MUFAs 

palmitoleic and oleic acid were major contributing factors. These are the individual fatty acids 

with the highest consumption within the fatty acid group in this population, which would 

explain the significant results. These results were consistent in sensitivity analyses, stronger in 

the case of MUFAs, and SFAs, and there was no observation of heterogeneity across sex, VAT 

groups or menopause status for any of the dietary exposures.  

4.4.2 Comparison with previous studies 

To my knowledge no previous studies have investigated the intake of dietary fatty acids and 

odd of MASLD, and as such these findings are novel. We can however compare the results to 

those that have previously studied NAFLD or liver fat as outcomes. In this sample, 

a 5% increase in SFAs was positively associated with MASLD, with an OR of 1.25 (1.12-1.39). 

This is consistent with many observational and interventional studies that assessed the role of 

SFAs, and found positive associations with liver fat (46, 47). The interventional studies carried 

out by Parry et al. Luukkonen et al. and Bjermo et al in controlled settings studied small 

samples that varied between 16 and 61 participants and observed higher liver fat in participants 

after they consumed high SFAs diets (31, 44, 45, 48). My study adds a population based 

perspective in which more participants can be studied, and their dietary reports reflect their diet 

in their daily lives, for a longer period of time. Chen et al. also studied SFAs and liver fat in 

the UK Biobank, and observed an OR of NAFLD of 1.27 (1.15-1.40) per 5% increase in dietary 
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SFAs (31). While my study presents very similar results, it provides a more precise and up-to-

date outcome by using MASLD, while additionally analysing more reliable dietary intake 

estimates of at least 2 dietary questionnaires instead of 1. In addition, Friden et al found a 

positive association between SFAs and liver fat, but also included participants with one dietary 

questionnaire, which is not considered ideal in population based studies (130).  

A study published by Tian et al. found that a dietary pattern high in PUFAs is associated with 

a lower risk of NAFLD in the UK Biobank (33). However, the results in this thesis do not show 

any associations between PUFAs intake and MASLD in either crude or fully adjusted models. 

This may be due to the fact that the MASLD definition allows for a better identification of 

cases, excluding other causes of steatosis more precisely than NAFLD, which is an exclusion 

diagnosis. Stearidonic acid presented an inverse association with MASLD in this study. 

However, due to its very low intake in this population (less than 0.002% of total energy intake), 

it is likely that these observations may be difficult to interpret and may not reflect a real 

association, but an incidental finding. 

I found significant higher odds of MASLD per 5% increase of MUFAs in fully adjusted models 

and sensitivity analyses, which has not been observed in previous studies. Other observational 

studies did not find any significant associations (35-37, 41, 42) with any of the dietary fatty 

acids and liver fat. This may be due to their small samples (between 73 and 349 in the case of 

Allard et al, Zelber et al., Lopez Bautista et al) (35, 41, 42), less robust statistical analyses, or 

lack of a clear outcome definition in the case of Noureddin et.al. (36). 

The lack of heterogeneity across VAT groups for all dietary exposures could be explained by 

the strong correlation between VAT and waist circumference (55, 131), one of the 

cardiometabolic factors to define MASLD.  
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4.4.3 Strengths and limitations 

This is the first study to explore the associations between dietary fatty acids and MASLD, and 

to further study these by looking at individual fatty acids and MASLD. The use of MASLD as 

a main outcome provides a positive identification of disease, moving away from the 

exclusionary criteria presented when studying NAFLD (which only considered steatosis 

excluding excessive alcohol intake) (7). This provides results that look at an outcome that is 

up to date with recent EASL guidelines, and considers participants from an overall metabolic 

perspective, rather than isolating liver fat content (101). The SLD classification clearly 

differentiates participants with excessive alcohol consumption into ALD and MetALD 

categories, which prevents the effect of alcohol to spear the associations studied. Additionally, 

the detailed data available from the UK Biobank recruitment assessment, along with linkage 

with hospital admissions data, allowed to account for relevant exclusions and confounders, and 

to consider multiple cardiometabolic factors, key for MASLD diagnosis. The use of MRIs 

provided a non-invasive and accurate measurement of steatosis (80). However, it is important 

to note that this represents a simplified definition of MASLD, as the same BMI categories were 

applied across all ethnicities, and diabetes was defined without incorporating HbA1c data or 

primary care diagnoses due to data availability constraints. 

The data obtained from the Oxford WebQ provided detailed information about dietary fatty 

acids and individual fatty acids. Performing sensitivity analyses restricted to ≥4 dietary 

assessments was particularly relevant in the case of PUFAs, as their main sources are certain 

types of food products which in the UK may be consumed approximately one portion per week, 

or even less (107, 122). The multiple WebQ completed to measure diet attempted to account 

for variation in nutrient intake across time by administrating it throughout different times of 

the week and year, in a way that prevents response fatigue (70). In addition, the use of the 21 

individual fatty acid dataset allowed to observe if there were specific fatty acids among the 
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respective structural groups that were driving the associations more strongly. It is important to 

consider that self-reported dietary intake is likely to introduce measurement error and 

information bias, because food products considered unhealthy and rich in saturated fatty acids 

may have been underreported (130). Therefore, the associations observed may have been 

biased towards the null, reducing their strength. 

One of the main limitations to consider is that dietary assessment and liver fat assessment were 

not done simultaneously, as mentioned in Chapter 3. Liver fat was measured multiple years 

after the WebQ, allowing time for diet to change. This was addressed by the exclusion of 

cardiovascular disease hospital episodes, and liver disease hospital episodes that could have 

affected diet significantly during those years, due to medical advice. In addition, the mean 

change in BMI between baseline and liver fat was calculated, and it was a mean 4.3% change. 

Cholesterol lowering medication and blood pressure medication were self-reported at baseline, 

while diabetes was self-reported and included as any incident cases in hospital episodes. 

Therefore, there may have been changes that were not captured such as the prescription of 

cholesterol lowering medication or blood pressure, or a new diabetes diagnoses which does not 

require hospital admission.  

It is important to consider that this population is mainly of White ethnicity (>90%), and UK 

based which does not allow for generalisation of these results in other populations. As 

previously mentioned, the low response rate of 5 % and the characteristics of the participants 

make it a sample susceptible to selection bias. In this study, the willingness to respond multiple 

dietary questionnaires, and even more than 4 could also be related to a group that is overall 

healthier (70). However, it has been shown that results from studies using the UK Biobank 

could be generalizable, as they have been consistent with studies that were adequately 

representative of the population of interest (124, 125).  
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4.5 Conclusions 

Dietary intake of SFAs and MUFAs had a positive association with MASLD in the UK 

Biobank, while PUFAs intake was not significantly associated with MASLD. A better 

understanding of the role of dietary fatty acids and liver fat content will be key for MASLD 

prevention and improvement. Future research assessing dietary intake and liver fat content can 

be advanced: ideally, diet and imaging assessments can be measured with a short period of 

time between them. It will also be necessary to conduct long-term large prospective studies in 

more diverse populations, and to perform interventional studies that look at the effect of dietary 

fatty acids on liver fat content in participants with cardiometabolic factors. This could inform 

dietary guidelines and allow a better approach to MASLD prevention and treatment.
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5 Plasma fatty acids and liver fat content 

5.1 Introduction 

I have described the associations between dietary fatty acids and different measures of liver fat 

and steatosis: liver fat content and MASLD in Chapters 3 and 4. As described in Chapter 1, 

Section1.2, both diet and adipose tissue contribute to plasma FAs. Without data from dietary 

intake, plasma FAs can be considered an objective marker of diet, as they could reflect dietary 

intake indirectly (132). Therefore, levels of plasma fatty acids can be used as potential 

biomarkers of diet (132).  

5.1.1 Previous studies 

Previous studies have observed that total plasma MUFAs% and SFAs% were associated with 

higher liver fat content in the UK Biobank, and that PUFAs% are associated with lower liver 

fat content (32, 133). Another study found that plasma PUFAs% was inversely associated with 

liver fat (134), but liver fat was measured indirectly by the fatty liver index (Table 5.1). The 

hepatic fatty acid metabolic pathways are different between fasted and postprandial state, 

which could influence the associations investigated (24, 96, 135, 136). 
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Table 5.1 Studies investigating plasma fatty acids and liver fat. 

Study Population Plasma fatty 

acid 

assessment 

Liver fat 

outcome 

Covariates Findings 

Gnautic, 

2023(133) 

UK,  

N=1,088 

NMR Liver fat by 

MRI 

(continuous) 

Age, sex, 

ethnicity, 

deprivation, 

physical 

activity, 

alcohol intake, 

smoking status, 

total energy 

intake. 

stratified by 

diabetes and 

BMI 

Plasma SFAs and MUFAs 

presented positive 

associations, PUFAs 

presented inverse 

associations. 

Friden, 

2023(32) 

UK, 

N=9,119 

NMR Liver fat by 

MRI 

(continuous) 

Smoking, 

physical 

activity, age, 

stratified by 

sex. 

Plasma SFAs and MUFAs 

presented positive 

associations, PUFAs 

presented inverse 

associations. 

Makela 

2022(134) 

N= 1,533 Gas 

chromatography 

Fatty liver 

index 

Age, sex, 

physical 

activity, 

smoking, 

alcohol intake, 

total energy 

and 

carbohydrate 

intake 

PUFAs was inversely 

associated with liver fat 

Lee et al. 

,2015 

(137) 

N=24 Gas 

chromatography 

Liver fat by 

MR 

spectroscopy 

Spearman 

correlation 

VLDL-TG palmitoleic acid 

was associated with liver fat 

 

5.1.2 VLDL-TG fatty acids 

This analysis will study the proportion of individual fatty acids in VLDL-TG, described 

in Figure 5.1. Dietary fatty acids are absorbed in the duodenum, and are transported as 

chylomicrons, which are large triglyceride-rich lipoproteins. Chylomicron remnants enter the 

liver, and they mix with fatty acids coming from multiple sources: those from lipolysis of 

adipose tissue (breakdown of tissue into fatty acids), and fatty acids newly synthesized in the 

liver, by de novo lipogenesis (26). In addition FA from chylomicrons can enter the liver via 

spillover (138). 
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Figure 5.1 Very-low density lipoprotein (VLDL) triglyceride fatty acid composition. Created with biorender.com. 

FAs from this pool within the liver can then be partitioned into either an oxidation pathways in 

which they produce energy, or can enter an esterification pathway. FAs can be esterified to 

form TG which can become part of the liver TG pool in the cytosol (and remain in the liver) or 

can be incorporated into VLDL-TG, which are secreted from the liver into the 

bloodstream (24). Therefore, studying VLDL-TG fatty acid composition can provide 

additional information about the FAs that enter the liver FA pool. 

There is evidence that VLDL-TG export is higher in livers with high levels of liver fat, due to 

the altered lipid metabolism (139). In addition, an observational study of 24 adults living with 

obesity overweight found that high liver steatosis, measured with MRI, was associated with 

high VLDL-TG palmitoleic acid and VLDL-TG linoleic acid in comparison to lower liver fat 

(137). Therefore, a steatotic liver may export more VLDL-TG than a liver without steatosis, 

and at the same time this may provide information about the types of fatty acids that are in the 

liver, showing if any is particularly more abundant. However, despite this observation, data is 
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limited regarding potential differences in the composition of fatty acids in the VLDL-TG in 

steatotic vs non-steatotic livers. This analysis will study the associations between steatosis and 

VLDL-TG fatty acid composition in a sample in the UK.  

5.1.3 Aims 

This chapter aims to assess the associations between plasma fatty acids (SFAs%, PUFAs%, 

MUFAs% and individual fatty acids %) and liver fat content in fasted and non-fasted samples, 

which will be done in the UK Biobank and in a sample from OCDEM. In addition, it aims to 

explore the associations between liver steatosis (liver fat>5.6%) and VLDL-TG fatty acid 

composition (VLDL-TG SFAs%, VLDL-TG MUFAs%, VLDL-TG PUFAs% and VLDL-TG 

individual fatty acids) at OCDEM. Finally, it aims to assess the associations between steatosis 

and blood biomarkers of cardiovascular risk (total cholesterol, LDL cholesterol, HDL 

cholesterol, VLDL cholesterol, non-HDL cholesterol and total triglycerides). 

5.2 Methods 

5.2.1 Study population 

Two different datasets of participants were included in this analysis. The first group includes 

participants from the UK Biobank cohort, and the second group consisted of a dataset of 

participants that had previously been part of interventional studies performed by Professor 

Leanne Hodson and her team at the Oxford Centre of Diabetes, Endocrinology and 

Metabolism (OCDEM). Data obtained during assessment visits was stored and this study 

analysed a dataset that consists of participants from eight different interventional studies. It 

will be referred to as the OCDEM group, a sample of 125 participants, from different trials 

described in Chapter 2, Section 2.2. 

Participants from the UK Biobank cohort were included in this analysis if they had data 

available for liver MRI and plasma fatty acids. Plasma was obtained from blood samples 



 

86 

 

collected at baseline. Individuals with prevalent chronic liver disease, diabetes, pregnancy, 

cardiovascular disease, endocrine diseases, high-risk drinkers, and cholesterol-lowering 

medication were excluded. Figure 5.2 describes the inclusion and exclusion criteria. Additional 

information about the UK Biobank dataset and variables code used for identification of 

exclusions can be found in Chapter 2, Section 2.1.9. 

 

Figure 5.2 Flowchart of UK Biobank showing exclusion of participants included  

5.2.2 Liver fat assessment 

To measure liver fat content (%) in the UK Biobank, the liver fat content measurements were 

obtained from the abdominal MRI carried out as part of the first UK Biobank imaging visit. 

The measurements were made by AMRA, in ten different centres across the UK, and more 

details about how liver fat was estimated can be found in Chapter 2, Section 2.1.8 (79). 



 

87 

 

To measure liver fat content in OCDEM, a 3 Tesla MRI scanner, using proton spectroscopy, 

was used at the Oxford Centre of Magnetic Resonance at the John Radcliffe Hospital in Oxford. 

A single voxel (20x 20 x 20 mm) was positioned in the posterior part of the left liver lobe, and 

both water-suppressed and non-water-suppressed stimulated acquisition mode (STEAM) 

measurements were performed. The proportion of fat in the liver tissue was determined using 

the OXSA toolbox (94). Participants with liver fat>5.6% were considered to have 

steatosis (140). 

5.2.3 NMR plasma fatty acids 

Plasma fatty acids represent all fatty acid pools found in plasma, which consist of free fatty 

acids and any fatty acids contained in lipoproteins (132). Data obtained was collated to 

calculate total SFAs%, PUFAs% and MUFAs%, of plasma total fatty acids. For the UK 

Biobank sample, plasma was obtained at baseline during the first assessment visit, with a mean 

difference of 9 years before the liver MRI assessment. As described in Chapter 2, fasting was 

not required, and the time elapsed since last meal was documented. For the OCDEM samples, 

plasma fatty acid analysis was also determined by Nuclear Magnetic Resonance based 

metabolomics by Nightingale Health. These measurements, along with anthropometric 

measurements were taken within a week from the liver MRI assessment. More details on the 

OCDEM study visits are in Chapter 2.  

5.2.4 VLDL-TG fatty acid composition measurement at OCDEM 

To measure VLDL-TG fatty acid composition, plasma from blood samples was collected, and 

VLDL were isolated through ultracentrifugation. A lipid extraction was carried out, and fatty 

acid methyl esters were formed in order to use a gas chromatography analysis machine, which 

produced chromatogram peaks. These peaks were used to identify the fatty acids present in the 

samples, by comparing them to standards, and fatty acids were presented as mol%. More 
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information about the VLDL isolation and lipid extraction can be found in Chapter 2, 

Section 2.2.5. 

5.2.5 Markers of cardiovascular risk at OCDEM 

Participants' blood samples were also assessed by Nightingale to obtain the NMR 

concentrations of triglycerides and lipoproteins that are associated with a higher cardiovascular 

risk. The outcomes included were total cholesterol, LDL cholesterol, HDL cholesterol (which 

is suggested to be a marker of lower risk), VLDL cholesterol, non-HDL cholesterol and total 

triglycerides. A summary of al exposures and outcomes can be observed in Figure 5.3. 

 

Figure 5.3 Summary of exposures and outcomes analysed in this chapter. FAs: fatty acids.  

 

5.2.6 Covariates 

In the UK Biobank, participants had data available about education, ethnicity, region, 

medication, as well as lifestyle characteristics about alcohol consumption and physical activity, 

that were taken collected during the assessment visit, at the same time as their blood samples. 
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In OCDEM, anthropometric measurements including BMI were taken during the assessment 

visit, and data was obtained about sex and age. There was no data about more detailed lifestyle 

or demographic characteristics, as the exclusion criteria for the individual studies was very 

specific and any excessive alcohol consumption or chronic conditions were excluded. 

5.2.7 Statistical analyses 

5.2.7.1 NMR plasma fatty acids and liver fat 

Due to its skewed distribution, liver fat was transformed by calculating its natural logarithm in 

both sets of participants. For both UK Biobank and OCDEM samples linear regression models 

were built to estimate the geometric mean percentage difference in liver fat per 1% increase in 

plasma fatty acids. Beta coefficients obtained were transformed to obtain geometric mean % 

differences. 

Models were adjusted for sex, age, ethnicity, deprivation, education, smoking, physical activity, 

alcohol risk and BMI in the UK Biobank sample, while age, sex and BMI were the only 

confounders included in the models in the analysis of the OCDEM sample. Results were 

presented in minimally adjusted models and for sequential adjustment of confounders, to assess 

the impact of the addition of covariates. Heterogeneity by sex and BMI (included as a 

continuous variable) was tested. This was carried out by including the variable as a confounder 

in a model, and then comparing it with a model in which the variable is introduced as an 

interaction term with LRT. The choice of linear exposures was informed by carrying out tests 

for departure of linearity. This was done by comparing models with the exposure as a 

continuous variable, with a model with the exposure as quintiles, using a LRT.  

Assumptions of linearity were checked and none of them were violated. This was carried out 

by confirming the normality of residuals using Q-Q plots, with a mean of zero, plotting fitted 

versus residual values and checking for homoscedasticity, which are presented 
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in Ancillary Figures A1-A3. In addition, correlation matrices were calculated to assess 

multicollinearity, and no explanatory variables were highly correlated to each other. 

5.2.7.2 Sensitivity analysis 

From the UK Biobank sample, a sensitivity analysis was carried out studying participants who 

reported having fasted for more than 8 hours at the time of the blood sample collection. These 

participants were studied to understand the effect of fasting in their blood measurements, and 

to compare them to the OCDEM sample, all of whom were sampled in the fasting state.  

5.2.7.3 Liver steatosis and VLDL-TG fatty acid composition 

Wilcoxon rank tests were carried out to compare the VLDL-TG fatty acid % of SFAs, MUFAs, 

and PUFAs across participants with and without steatosis. The violation of assumptions of 

linearity can be observed in the Appendix, Ancillary Figures A4-A16, which confirmed the 

need of categorising the outcome. Participants were categorized into “High” and 

“Low” VLDL-TG fatty acids according to being higher or lower than the median of that fatty 

acid. Logistic regression models were built to estimate the odds of high levels of different 

VLDL-TG fatty acids% for participants with steatosis in comparison to controls. In addition, 

the roles of specific fatty acids within VLDL-TG were assessed independently of the structural 

group they belong to. This included myristic acid, palmitic acid, palmitoleic acid, stearic acid, 

oleic acid, linoleic acid, and alpha-linolenic acid. 

5.2.7.4 Liver steatosis and markers of cardiovascular risk  

Due to violation of assumptions of linear associations, observed in Ancillary Figures A17-21, 

logistic regression models were built to estimate the odds of high TG, high VLDL, and high 

LDL, low HDL, high non-HDL and high Total cholesterol for participants with steatosis in 

comparison to controls. Participants were classified according to whether they were higher or 

lower than the median for each variable.  
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The significance level was set at 0.05 for all analyses. All statistical analyses were performed 

using Stata version 18.5 StataNow (Stata Corp, TX, United States)(141). Figures were created 

using RStudio Version 4 (R Core Team, Vienna, Austria), with package Jasper, and with 

BioRender.com (117). 

5.3 Results 

5.3.1 Participants characteristics 

The final sample from the UK Biobank consisted of 7,206 participants, and their characteristics 

are presented in Table 5.2. The characteristics of the 125 participants of the OCDEM sample 

are presented in Table 5.3.  

In the UK Biobank, the mean fasting time was 3 hours, whilst in the OCDEM studies 

participants were required to fast overnight before coming into the CRU. The mean percentages 

of plasma fatty acids were similar in both samples. On average, for both the OCDEM and UK 

Biobank samples, participants with steatosis had slightly higher plasma MUFAs% and SFAs% 

and slightly lower plasma PUFAs% than those without steatosis. 
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Table 5.2. Characteristics of UK Biobank participants by steatosis. 

  No steatosis  Steatosis Overall 

p-

value * 

    N=5,439 N=1,767 N=7,206   

Liver fat content a 
 2.5 (2.0,3.4) 9.7 (7.1,14.4) 3.0 (2.1,5.5) <0.001b 

Age (years)c   63.2(7) 65.2 (7) 64.2 (7)  0.11 d 

Men  2,376 (44%) 1,101 (62%) 3,477 (48%) <0.001b  

Body mass index (BMI 

kg/m2) a  25.3 (23.2,27.7) 

28.9 

(26.3,31.8) 26.0 (23.7,28.9) <0.001  

White ethnicity  5,280 (97.1%) 1,714 (97.0%) 6,994 (97.1%)  0.61  

Least deprived  1,087 (20%) 354 (20.1%) 1,441 (20.0%)  0.19  

Current smoker  295 (5%) 136 (7.7%) 431 (6.0%) <0.001  

University degree   4,180 (77%) 1,264 (71.5%) 5,444 (75.5%)  <0.001  

Harmful alcohol 

intake^  203 (3.7%) 63 (3.6%) 266 (3.7%)  
Low physical activity  1,056 (19.4%) 477 (27.0%) 1,533 (21.3%) <0.001  

Total plasma fatty acids 

(mmol/l) c  11 (2.1) 12 (2.5) 11 (2.) <0.001d 

SFAs% a  33 (32 ,34) 34 (33,35) 33 (32.7,35.0) <0.001 

PUFAs% a  44 (42,45) 41 (38,43) 43 (41.0,45.5) <0.001 

MUFAs % a   22 (21, 24) 24 (22,26) 22 (21, 24) <0.001 
Values are presented as N (proportion), and *P values represent chi-squared tests aValues are median 

(interquartile range) 
b P values represent Wilcoxon rank-sum test c Values are mean (standard deviation) d P values represent analysis 

of variance 

^Defined by NICE (>35 Units per week in women or >50 in men).  

 

 

In both groups, participants with steatosis had a higher mean BMI than controls. In the UK 

Biobank sample, the correlation between NMR plasma fatty acids % and dietary fatty acids, 

measured as % of energy intake, using at least 2WebQ, presented a low correlation. For SFAs 

it was 0.1274, for MUFAs 0.0445, and for PUFAs 0.290. Omega 3 and omega 6 PUFAs 

presented slightly stronger correlations, of 0.1879 and 0.1468 respectively. 
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Table 5.3. OCDEM participant characteristics by steatosis. 

  No steatosis (N=82) Steatosis (N=43) Overall (N=125) p-value 

Liver fat content a 1.1 (0.7,2.2) 12.7 (6.8,20.7) 2.3 (0.9,6.8) <0.001 b 

Age (years)c 47.0 (8.7) 49.3 (9.4) 47.8 (9.0)  0.17d 

Men 24 (29.3%) 24 (55.8%) 48 (38.4%)  0.004 

BMI (kg/m2)a 25.4 (23.3,27.8) 31.3 (28.4,35.6) 27.2 (24.6,30.2) <0.001b 

Fat mass % 33.1 (7.5) 39.1 (7.6) 35.1 (8.0) <0.001 

NMR plasma fatty acids     

Total TG (mmol/l) 1.0 (0.7,1.3) 1.3 (1.0,2.0) 1.1 (0.8,1.6)  0.003 

VLDL (mmol/l) 0.6 (0.3) 0.7 (0.3) 0.7 (0.3)  0.039 

HDL (mmol/l)  1.4 (0.3) 1.2 (0.3) 1.3 (0.3)  0.002 

LDL (mmol/l) 1.8 (0.4) 1.9 (0.4) 1.8 (0.4)  0.49 

Non-HDL cholesterol 

(mmol/l) 3.3 (0.7) 3.4 (0.7) 3.3 (0.7) 0.37 

LDL/HDL ratio 1.3 (1.1, 1.8) 1.7 (1.2, 2.0) 1.5 (1.11, 1.8) 0.01 

HOMA-IR 2.1 (1.5,2.8) 4.9 (3.2,7.0) 2.5 (1.7,3.6) <0.001 

Insulin  U/L 10.2 (6.8,12.1) 20.1 (12.6,27.7) 11.0 (8.0,15.1) <0.001 

Glucose mmol/L 5.0 (4.8,5.3) 5.5 (5.3,6.0) 5.2 (4.9,5.6) <0.001 

   Plasma SFAs%a 34.1 (33.0,34.8) 34.8 (33.4,35.8) 34.3 (33.0,35.2)  0.038 

  Plasma PUFAs%a 42.5 (40.7,44.3) 39.4 (36.9,41.9) 41.8 (39.4,43.5) <0.001 

  Plasma MUFAs%a 23.8 (22.3,25.3) 26.4 (24.4,28.8) 24.3 (22.6,26.4) <0.001 

VLDL-TG FA composition     

  SFAs%a 30.7 (27.9,33.4) 35.1 (31.1,37.8) 31.4 (29.0,34.9) <0.001 

  PUFAs%a 18.3 (16.3,21.9) 15.6 (12.7,18.4) 17.7 (14.5,20.3)  0.001 

  MUFAs%a 48.6 (46.4,52.2) 48.7 (45.9,50.6) 48.6 (45.9,51.2)  0.53 

 Myristic (mol%) 1.8 (0.8) 2.3 (1.1) 2.0 (0.9) 0.011 

 Palmitic (mol%)a 26.1 (23.6,28.0) 28.9 (26.2,31.2) 26.7 (24.7,29.1) <0.001 

 Palmitoleic (mol%) 4.2 (1.4) 4.7 (1.7) 4.4 (1.5) 0.12 

 Stearic (mol%)a 2.9 (2.5,3.3) 3.3 (2.7,3.7) 3.0 (2.5,3.5) 0.002 

 Oleic (mol%) 43.8 (4.8) 41.1 (3.8) 42.9 (4.6) 0.002 

 Linoleic (mol%) 16.1 (4.3) 13.4 (3.1) 15.2 (4.1) <0.001 

 Alpha linoleic (mol%) 1.1 (0.7) 0.9 (0.5) 1.0 (0.7) 0.244 

Values are presented as N (proportion), and *P values represent chi-squared tests. a Values are median (interquartile range) 
b P values represent Wilcoxon rank-sum test cValues are mean (standard deviation) d P values represent analysis of 

variance.VLDL: very-low density lipoprotein, LDL: low density lipoprotein, HDL: high density lipoprotein, TG: triglycerides. 

HOMA-IR: Homeostatic Model Assessment of Insulin Resistance 
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5.3.2 NMR plasma fatty acids and liver fat in UK Biobank 

The sequential adjustment for confounders are presented in Figure 5.4. In minimally adjusted 

models by sex and age, there were positive associations between plasma SFAs% and MUFAs% 

and liver fat (+9.4 % [8.5, 10.3] difference, and +9.3 [8.7, 10.0] % difference in geometric 

mean) per 1% increase in plasma FA percentage, respectively), while there was an inverse 

association between plasma PUFAs% and liver fat (-6.9 % [-7.3, -6.4%] per 1% increase in 

plasma FA percentage). These were attenuated by the addition of confounders, but remained 

significant after fully controlling for all covariates. 
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Figure 5.4. Geometric mean % difference in liver fat, per 1% increase in plasma FAs%: sequential adjustment for confounders (N=7,206), UK Biobank.
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In fully adjusted models controlling for sex, age, ethnicity, deprivation, education, smoking, 

physical activity, alcohol risk and BMI, a positive association with liver fat was found with 

plasma SFAs% and MUFAs%. Per 1% increase in SFAs% there was a +6.8 geometric mean 

% difference (6.0, 7.6), and per 1% increase in MUFAs% there was a +5.0 geometric mean% 

difference (4.4, 5.7) in liver fat. In contrast, an inverse association was observed per 1% 

increase in PUFAs% (-4.4% [-4.8, -4.0]). BMI was the confounder with the highest % change 

in chi2, highlighting its relevance as a confounder in these associations.  

There was no evidence of interaction between BMI with NMR plasma fatty acids in their 

association with liver fat (SFAs p heterogeneity [het]. = 0.71). PUFAs (p het. =0.36), 

MUFAs (p het. =0.22). There were no significant interactions by sex either 

with SFAs% (p het. =0.72), MUFAs% (p het. =0.57), or PUFAs% (p het. =0.94). 

5.3.3 Sensitivity analysis in fasting group 

Restricting the analyses to those who reported fasting for 8 hours or more limited the sample 

to 249 in total, which represented 3.5% of the main sample, and their mean plasma fatty acids 

proportions were similar. Fully adjusted models provided results very similar to those in the 

main sample, but with stronger positive associations with liver fat 

for SFAs% (9.6 % [4.9, 14.5%]) and an inverse for PUFAs% (-5.2% [7-.6, -2.8%] per 1% 

increase in plasma FAs). The positive association between plasma MUFAs% and liver fat was 

slightly attenuated (4.2%, [0.4, 8.1%]), (Figure 5.5).
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Figure 5.5 Geometric mean % difference in liver fat per 1% increase in plasma fatty acids in the UK Biobank. 

Sensitivity analysis restricted to participants fasting (N=249). Models were adjusted for sex, age, ethnicity, 

deprivation, education, smoking, physical activity, alcohol risk & BMI. 

5.3.4 NMR plasma fatty acids and liver fat in OCDEM 

The associations between NMR plasma fatty acids and liver fat in OCDEM are presented in 

Figure 5.6. In minimally adjusted models controlling for sex, there were significant positive 

associations between plasma SFAs and liver fat (19.5% [2.5, 39.3]), and between plasma 

MUFAs (18.3% [10.8, 26.3]) and liver fat. Conversely, there was an inverse association 

between plasma PUFAs and liver fat (-13.6%, [-18.4, -8.6]). Once age was added to the model, 

the associations in SFAs% became non-significant. 

In fully adjusted models controlling for sex, age and BMI, the associations between plasma 

SFAs and liver fat, were non-significant. However, the associations between plasma MUFAs 

and PUFAs remained significant, with a difference of +7.5% (1.6, 13.7) and -4.9 (-9.1, -0.4), 

respectively. The addition of BMI substantially changed the χ2 in all of the fatty acids (between 

60-90%, data not shown). 
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Figure 5.6 Geometric mean % difference in liver fat (95%CI) per 1% increase in NMR plasma fatty acids in OCDEM (N=125). 

 



 

99 

 

 

5.3.5 Comparison between OCDEM and UK Biobank   

A comparison between UK Biobank and OCDEM analyses can be observed in Figure 5.7, 

presenting results from fully adjusted models. In fully adjusted models, the direction and 

significance of the associations was similar to the main sample per 1% increase in MUFAs% 

and PUFAs%, but there was no similarity in SFAs%.
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Figure 5.7.Geometric mean % difference in liver fat (95%CI) per 1% increase in NMR plasma fatty acids in UK Biobank (A) and OCDEM (B). Linear regression models were 

used to calculate the geometric mean % difference in liver fat, by 1% increase in plasma fatty acids. A) Models were adjusted for sex, age, ethnicity, deprivation, education, 

smoking, physical activity, alcohol risk & BMI (n=7,206) B) models were adjusted for age, sex and BMI (n=125) 

 



 

101 

 

5.3.6 Associations between liver steatosis and VLDL-TG fatty acid composition  

In unadjusted comparisons of the VLDL-TG fatty acid composition of steatosis vs. controls 

using Wilcoxon rank sum tests, there was a significant median difference 

in SFAs% (+4.22% [95% CI 2.49-5.95],) and PUFAs% (-2.61% [-4.00, -1.22]), (Figure 5.8). 

There were no significant differences in MUFAs% (-0.01 [-1.51, 1.31). 

 

Figure 5.8 Comparison of mean VLDL-TG fatty acid composition in OCDEM participants with and without 

steatosis, unadjusted N=125. Medians of VLDL-TG fatty acids compared using Wilcoxon-rank tests *p<0.05. 

Participants with steatosis had higher odds of high VLDL-TG SFAs% than controls, when 

adjusting for sex and age (OR of high VLDL-TG SFAs: 3.85 [1.69, 8.75]) (Figure 5.9). After 

adjusting for BMI, the associations were not significant. For VLDL-PUFAs% and VLDL-

MUFAs%, the associations with steatosis were non-significant in any of the models. Adjusting 

for BMI explained more than 90% of the associations between steatosis and high VLDL-SFAs 

and high VLDL-PUFAs, and none of the associations remained significant after its inclusion.  

There was no evidence of an interaction between sex and steatosis in the association with 

high VLDL-TG MUFAs, PUFAs, or SFAs (p het=0.09, 0.94 and 0.42 respectively). 
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Figure 5.9 OR of high FAs VLDL-TG in participants with steatosis, with sequential adjustment for confounders. 

N=125. VLDL-TG: very-low density lipoprotein triglyceride 

 

5.3.7 Associations between liver steatosis and VLDL-TG individual fatty acid 

composition in OCDEM 

The associations observed in steatosis and VLDL-TG individual fatty acids were not 

substantially different from the results expected due to the structural group they belong to 

(SFAs, PUFAs or MUFAs). No significant associations were observed in minimally or fully 

adjusted models (Table 5.4). 

Table 5.4 OR of high VLDL-TG individual fatty acids in participants with steatosis in OCDEM (N=125) 

  Myristic  Palmitic  Palmitoleic  Stearic  Oleic  Linoleic  

Alpha-

Linoleic  

Adjusted 

by sex  2.1 (1.0,4.7)  3.0 (1.3,6.6)  2.1 (0.9,4.8)  2.5 (1.1,5.6)  0.2 (0.0,0.5)  0.2 (0.1,0.5)  0.4 (0.2,1.0)  

+age  2.1 (0.9,4.7)  2.9 (1.3,6.5)  2.0 (0.9,4.7)  2.6 (1.1,5.9)  0.2 (0.0,0.5)  0.2 (0.1,0.5)  0.4 (0.2,1.0)  

+BMI  1.7 (0.6,4.8)  1.9 (0.7,5.4)  1.3 (0.5,3.8)  2.6 (0.9,7.4)  0.4 (0.0,1.2)  0.3 (0.1,1.0)  0.4 (0.2,1.2)  
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5.3.8 Associations between steatosis and markers of cardiovascular risk in OCDEM 

In fully adjusted models controlling for age, sex and BMI, no associations between steatosis 

and markers of cardiovascular risk were significant (Figure 5.10). There was a significant 

interaction between total triglycerides and sex, therefore results are presented for men and 

women separately. 

 

Figure 5.10 Odds ratio of high levels of biomarkers in participants with steatosis in comparison to controls 

(N=125). Results obtained from multivariate logistic regression models, adjusted by age, sex, and body mass 

index. VLDLC: very-low density lipoprotein cholesterol, LDLC: low density lipoprotein cholesterol, HDLC: high 

density lipoprotein cholesterol, TG: triglycerides. 

Analysis showed that the positive association was observed mostly in men, with higher odds 

of high TG in comparison to controls, with no association in women (Table 5.5).  

Table 5.5 Odds ratio (OR) of high TG in participants with steatosis, by sex, adjusted for age, and BMI (N=125) 

 

OR of 

Triglycerides>3.23mmol/l 

(95%CI) 

  

Overall  1.69 (0.59,4.83)    

    Men  5.14 (1.45,18.15)    

    Women  0.66 (0.18,2.51)    

    
p heterogeneity= 0.023  
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Odds ratios of high levels of blood biomarkers, in minimally adjusted models and with 

sequential adjustment for confounders can be observed in Table 5.6. Only high levels 

of HDL (which is a protective biomarker) were inversely associated with steatosis in models 

adjusted by sex (OR: 0.32 [0.14-0.73]). However, after the addition of confounders, these 

associations became non-significant. High changes in χ2 were observed after comparing models 

with BMI, which suggests that BMI may explain a large proportion of the associations between 

steatosis and levels of biomarkers. 

Table 5.6 OR of high levels of markers of cardiovascular risk in participants with steatosis vs. controls with 

sequential adjustment for confounders (N=125). 

  Adjusted for sex + age +BMI 

Total cholesterol 0.84 (0.39,1.82) 0.89 (0.41,1.94)  1.15 (0.43,3.10)  

VLDL  1.64 (0.76,3.57) 1.66 (0.75,3.65)  1.18 (0.44,3.18)  

LDL 0.81 (0.38,1.76) 0.81 (0.37,1.76)  0.86 (0.32,2.31)  

HDL  0.32 (0.14,0.73) 0.33 (0.14,0.75)  0.44 (0.15,1.28)  

Non-HDL 0.88 (0.41,1.91) 0.88 (0.40,1.94)  0.81 (0.30,2.18)  

Total triglycerides  1.96 (0.88,4.40) 1.84 (0.81,4.17)  1.69 (0.59,4.83)  

 

5.4 Discussion  

5.4.1 Main findings  

This observational study aimed to explore the associations between plasma fatty acids and liver 

fat, as well as the associations between steatosis and VLDL-TG fatty acids composition. In 

addition, it explored the associations between steatosis and plasma markers of CVD. In this 

study of two groups of adult participants from the UK, it was observed that after adjusting for 

confounders, a positive association was observed between plasma MUFAs% and liver fat, in 

both the UK Biobank and OCDEM samples. In addition, an inverse association was observed 

between plasma PUFAs% and liver fat content in both groups. In contrast, higher plasma 

SFAs% was positively associated with liver fat in the UK Biobank group but not in the 

OCDEM group.  
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In the OCDEM study group, after adjusting for BMI, no significant associations were observed 

between steatosis and VLDL-TG fatty acid composition. There were no significant associations 

between steatosis and individual fatty acids within VLDL-TG. When looking at the high 

changes in χ2%, it can be observed that a high proportion of the association between steatosis 

and VLDL-TG is actually driven by BMI. Finally, steatosis was associated with higher odds 

of high levels of plasma TG than those without steatosis, only in men. There were no significant 

associations with other cardiovascular risk factors in fully adjusted models.  

5.4.2 Comparison with previous studies 

The results presented in this chapter support previous evidence demonstrating the positive 

associations between plasma SFAs% and MUFAs% with liver fat, as well as the negative 

association between PUFAs% and liver fat (133). In a study by Gnautic et al, using linear 

regressions, it was observed that higher levels of liver fat were associated with lower circulating 

levels of PUFAs, and higher levels of SFAs and MUFAs (133). This thesis adjusted for similar 

confounders than that study, but analysed a larger sample of participants due to MRI 

availability, and provided further adjustment for physical activity, and for BMI, which was 

included as a confounder because it did not meet the statistical significance as an interaction. 

Another study published by Friden et al. in the UK Biobank also found associations in the same 

directions for plasma SFAs%, PUFAs% and MUFAs% (32). However, this thesis provided a 

more comprehensive of exclusion of participants with excessive alcohol intake and further 

adjustment in the model, while Friden et al. did not perform any exclusions based on alcohol 

intake (32). This is particularly relevant because, as previously mentioned, excessive alcohol 

intake can result in participants being classified under alcoholic steatotic liver disease, a distinct 

condition with a different pathophysiology to MASLD. Failing to exclude such individuals 

could lead to analysing a study sample that includes cases of alcoholic steatotic liver disease, 

despite my focus being solely on understanding the condition in the context of moderate 
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alcohol consumption. Therefore, it was essential in my study to exclude individuals in this 

category to ensure that the observed associations were not skewed by their inclusion. 

The lack of significant associations between VLDL-TG SFAs and VLDL-TG PUFAs and 

steatosis after adjustment for BMI highlights the importance of BMI as a confounder in these 

associations, since BMI is strongly associated with both circulating lipid concentrations and 

liver fat content. This suggests that the associations between steatosis and VLDL-TG fatty acid 

composition are mostly confounded by BMI.  

The positive associations with high plasma TG in participants with steatosis was only observed 

in men while there was no significant association for women. Higher levels of plasma TG 

measured via NMR were also associated with higher levels of liver fat in the study by Gnatiuc 

et al in the UK, which collected the data in a 5 year separation (133). This supports the evidence 

by including data in which exposure and outcome were measured at the same time. The 

different associations between steatosis and high plasma TG by sex could be explained by 

difference in triglycerides metabolism between men and women (142). 

When comparting the two groups, the UK Biobank provides insights from a large population 

cohort, while the OCDEM sample provides more detailed measurement of outcomes, and more 

precise identification of exclusions. Furthermore, at OCDEM, blood and imaging 

measurements were taken in close temporal proximity, which was not possible in the UK 

Biobank sample. The mean plasma fatty acids values in both populations were similar, and 

they were both processed by the same provider, which allowed comparing results. OCDEM 

and UK Biobank protocols ensured a correct collection, and storage of blood samples, 

following protocols before they were delivered to the NMR assessment provider (74). 

This is one of the few studies to look at the relationship between steatosis and VLDL-TG 

composition, and to explore associations within individual fatty acids. While a study in the 
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United States found that VLDL-TG palmitoleic acid is strongly associated with high liver fat, 

this was only observed in univariate associations in this sample, as after addition of 

confounders associations became non-significant because BMI was confounding the 

associations (137). 

5.4.3 Strengths  

The UK Biobank sample provides the largest dataset with both plasma fatty acids 

measurements and liver MRIs available worldwide (78). The use of the liver MRI to assess 

liver fat is convenient as it is a non-invasive method, with the most accurate quantification of 

liver fat, and with greater sensitivity than ultrasound (80, 140). 

The detailed information collected from UK Biobank participants, allowed careful adjustment 

for confounders and exclusions. In a sensitivity analysis that studied participants who were 

fasting, their results were similar than those from the main sample. This could suggest that 

fasting does not significantly influence the associations in this population, reinforcing the 

robustness of the results obtained from the main sample, that is then not heavily confounded 

or dependent on fasting status. 

5.4.4 Limitations  

5.4.4.1 Samples and design 

Firstly, this study has the limitations of its cross-sectional design, which cannot establish 

causality. In addition, in the UK Biobank sample, the time between MRIs and collection of 

blood samples was 9 years on average, which would have been enough time for plasma fatty 

acid composition to change if a dietary change had been made.  While participants from the 

UK Biobank with incident chronic disease were excluded during the period between plasma 

fatty acids and MRIS were taken, as an attempt to prevent conditions influencing 

measurements, changes in conditions such as hypercholesterolemia may have been missed. 
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This could be because they may not have needed a hospital admission, and would have been 

diagnosed in primary healthcare setting. This could have resulted in missing the identification 

of a case of MASLD. 

Misclassification was not an issue for participants at OCDEM, as they were screened and any 

chronic condition made them ineligible at the time of the study, which was much more precise 

than the UK Biobank. The sample size available from the studies performed in OCDEM was 

relatively small (n=125 participants) which may have been a factor that did not enable enough 

power to assess some of the associations. This is reflected in the wide confidence intervals of 

many of the estimates, and in theory a larger sample size would present with less variance. 

More than 95% of the population in the UK Biobank was of White ethnicity, and there was no 

data about ethnicity available in OCDEM. While it could be representative of a subset UK 

population, results may only be generalisable to other similar European populations. 

5.4.4.2 Plasma fatty acid measurements  

As described previously, some authors observed that plasma fatty acids are not good 

biomarkers of dietary intake, and their use has been criticised due to their low correlation with 

diet in many studies (143). However this depends mainly on the fatty acid measured: it is also 

proposed that as long they are correctly measured with the appropriate collection, storage, and 

quality control procedures, an objective measurement (132, 144). In addition, it is important to 

highlight that in this sample, there were low correlations between dietary fatty acids measured 

by WebQ and plasma fatty acids. 

5.5 Conclusions 

This study suggests that different plasma fatty acids relate with liver fat in different directions, 

and that differences in VLDL-TG fatty acid composition in steatotic livers compared with non-

steatotic may be confounded by sex and BMI.  In particular, it would be helpful to explore 
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these associations in larger samples, while still acknowledging the complexity of 

obtaining VLDL-TG measurements, which are more difficult in larger populations. Finally, it 

would be informative to assess these associations in different populations that may have been 

underrepresented in these samples. Still, the findings in this chapter suggest that the 

associations between plasma fatty acids and liver fat do not vary according to fasting status, 

and that they remain significant after adjusting for confounders. This would be particularly 

relevant for future studies, as reducing the need of fasting may increase feasibility of studies 

and volunteer participation. 
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6 Discussion 

6.1 Summary of findings 

Chapter 3 Dietary fatty acids and liver fat 

In an observational analysis of 9,268 participants from the UK Biobank, higher levels of self-

reported intakes of dietary SFAs, and lower intakes of PUFAs were associated with higher liver 

fat measured by MRI, with consistent findings in sensitivity analyses. In subgroup analyses by 

sex, it was observed that the associations between SFAs intake and liver fat were stronger in 

men. For SFAs, stronger associations with liver fat content were observed in those participants 

with higher levels of visceral adipose tissue.  

Chapter 4 Dietary fatty acids and MASLD 

In observational analyses of 12,301 participants from the UK Biobank, higher intakes of both 

SFAs and MUFAs were associated with higher odds of MASLD, while a higher intake of 

PUFAs was associated with lower odds of MASLD. When investigating the relationship 

between individual fatty acids and risk of MASLD, individual fatty acids demonstrated 

associations which were in alignment with the classification group in which they belonged.  

Chapter 5 Plasma fatty acids and liver fat. Steatosis and VLDL-TG fatty acid composition. 

In observational analyses of 7,201 participants from the UK Biobank, an increase in plasma 

SFAs measured by NMR was associated with higher levels in liver fat. No significant results 

were observed for higher plasma PUFAs or MUFAs after fully adjusting for confounders. 

Associations observed remained the same when analyses were restricted to fasting participants. 
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6.2 Findings contribution to current literature 

As described in Chapter 1, the majority of the observational studies published so far on dietary 

fats and liver fat content or MASLD, have reported no associations between different types of 

fatty acids and liver fat, or had insufficient dietary or outcome measurements. This thesis adds 

novel knowledge to the field as described below. 

6.2.1 Positive associations between dietary SFAs and plasma SFAs with liver 

outcomes across the thesis. 

This thesis reinforces the findings of positive associations between dietary SFAs and liver fat 

content that were recently described in two observational studies carried out in the UK Biobank 

by Chen et al. and Friden et al., who reported positive associations between SFAs and liver fat 

using at least one WebQ (31, 32). However, the analyses in this thesis utilised at least 2 WebQs. 

Using only one 24-h dietary assessment is considered a poor estimate of true long term dietary 

intake, while using at least two reduces random measurement error due to within-person 

variability, and overall, provides a better estimate of usual dietary intake (31, 32). In addition, 

the analyses performed in this thesis outlined a set of exclusions based on excessive alcohol 

drinking, a variable that was adjusted for by Friden et al. but not used for exclusions (32). In 

this thesis, the influence of alcohol intake is carefully controlled for, by both exclusion of 

excessive alcohol drinkers and addition of alcohol intake as a confounder, reducing the 

likelihood of misclassifying participants as non-MASLD, MetALD, or ALD cases. In addition, 

this study differs in its adjustment approach, as results were presented both before and after 

including BMI as a confounder (32, 33, 133). This was key as BMI had a substantial impact in 

the associations. There was also a stronger association between SFAs and liver fat in 

participants with high VAT compared to those with low VAT, which had not been previously 

studied by other researchers as an interaction. This interaction was only present for SFAs and 

no other fatty acids, and we could hypothesise that high levels of VAT would contribute to a 
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pro-inflammatory state (through cytokines), adding to the inflammation and insulin-resistance 

associated with ceramides from SFAs, promoting more liver fat accumulation. Overall, these 

findings align with the recommendations made at the last SACN report, reinforcing the existing 

recommendations that dietary SFAs should be consumed in moderation <10% of intake (145). 

Following the findings of VAT, it may be particularly relevant to advise patients with high 

levels of VAT to reduce their SFAs intake. 

6.2.2 Dietary and plasma PUFAs associations with liver fat outcomes across the 

analyses  

This thesis found inverse associations between dietary PUFAs and liver fat. This could be 

explained by the use of at least two WebQs by this thesis, which are better at capturing nutrients 

that may not be eaten very frequently; particularly relevant in the case of PUFAs, and the 

sensitivity analyses. Food products rich in PUFAs are consumed approximately only once a 

week in the UK, so it would be less likely to capture this intake using only one 

measurement (122). Looking at omega 3 and omega 6 fatty acids did not yield any significant 

results; these did not show associations different from overall dietary PUFAs in this thesis 

analyses. These findings are similar to research carried out in the UK Biobank by Tian et 

al (33), in which a dietary pattern high in PUFAs was negatively associated with liver fat 

content, without significant associations for other patterns. In addition, trials have observed a 

negative association between dietary PUFAs and liver fat content in controlled environments 

in which excessive alcohol consumption would not be present (44, 47). However, dietary 

PUFAs showed no significant associations with MASLD, and in Chapter 3, the negative 

associations observed with liver fat became non-significant when moderate alcohol drinkers 

were included in the sample. More research in moderate alcohol drinkers may be needed to 

explore this question in depth. 
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6.2.3 Individual dietary fatty acids across analyses 

The current analyses contributed to the literature as the first carried out on individual dietary 

fatty acids and liver fat outcomes using the UK Biobank individual fatty acids dataset, the 

largest dataset with individual fatty acids dietary intake. There were many advantages of this 

approach, as it provides data for 21 individual fatty acids, and allowed to observe whether any 

individual fatty acids had differing associations from the overall group they belonged to. In 

addition, I also studied omega 3 and omega6 PUFAs groups. While the individual fatty acids 

resource provided very valuable and detailed data about the individual fatty acids intake by 

using the data from the Oxford WebQ, only six individual fatty acids represented more than 1% 

of total energy intake, therefore only those results were considered relevant in this population. 

Nevertheless, findings for other individual fatty acids were also reported, as the dietary 

composition of individual fatty acids in foods could shift in the near future, and these results 

could serve as a baseline for future research. 

 From the SFAs group, palmitic, stearic and myristic all presented positive significant 

associations with liver fat, while from the PUFAs group, none of the FAs, including omega-3 

and omega-6 groups, demonstrated significant associations after adjusting for multiple testing. 

For the MUFA group, only oleic acid represented more than 1% of energy intake and they were 

associated with higher odds of MASLD. All FAs demonstrated associations which were in 

alignment with the classification group in which they belonged. 

6.2.4 Steatosis, VLDL-TG fatty acid composition 

As described in Chapter 2, the methods required to isolate VLDL-TG are complex, and only 

carried out by a small number of research groups around the world due to its time and resources 

demand. As such there is limited available data looking at steatosis and different VLDL-TG 

fatty acid composition patterns. It has previously been reported that steatosis is associated with 

increased VLDL-TG secretion(146). It was therefore hypothesised that steatotic livers may 
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export VLDL-TG with higher composition of SFAs and lower composition of PUFAs, 

providing information of the liver fatty acid content (26, 96, 146-148). Associations in those 

directions were observed, but these crude associations did not remain significant after the 

addition of BMI, suggesting that BMI may be the main driver of the associations between 

steatosis and VLDL-TG fatty acid composition. 

6.2.5 The role of menopause status  

One of the aims of this thesis was to explore the role of menopause status in the associations 

between dietary fatty acids and liver fat outcomes, given that postmenopausal women would 

represent a group metabolically different from premenopausal women, due to changes in 

oestrogen, and previous studies have observed higher prevalence of MASLD in 

postmenopausal women compared to premenopausal group (149). The lack of any significantly 

different results across menopausal status groups could be explained by both the sample size 

and the way that menopause was measured. While the UK Biobank age range at recruitment 

ranged between 40 and 70 years, considering MRIs were taken >10 years later makes the mean 

age of women who attended the imaging visit 63 years old. It is important to note that the 

menopause categories used in this thesis were not based on hormones levels or diagnoses, but 

on self-report and time at MRI, which introduces measurement error. To define menopause in 

this thesis, I considered women who reported going through menopause at the baseline visit, 

women over 55 years old at the time of MRI, and women who underwent gynaecological 

procedures that result in the onset of menopause.  

6.2.6 Sexual dimorphism  

This thesis aimed to analyse the role of sex in the associations between dietary fatty acids and 

liver fat outcomes, and showed results from a sex specific subgroup analysis. It was observed 

that the positive associations between dietary SFAs and liver fat content were stronger in men 

than in women, which was not observed in any of the other analyses carried out with other fatty 
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acids in this thesis. It has been described in a previous study that men present lower dietary 

fatty acids oxidation, and increased de novo lipogenesis compared to women, which may lead 

to fatty acids esterification and storage in the liver, and more liver fat accumulation (150). On 

one hand, these findings were expected, as they align with established sex based metabolic 

differences. Oestrogen may play a significant role in lipid metabolism, and men show lower 

rates of fatty acid oxidation (151). This may predispose men to metabolise SFAs towards 

storage pathways that accumulate fat in the liver more easily (150, 151). In addition, after fully 

adjusting for confounders, no associations between steatosis and markers of cardiovascular risk 

were significant in Chapter 5, but an interaction by sex was observed in the associations 

between steatosis and plasma triglycerides, with a positive association only for men, 

highlighting a potential difference in triglyceride metabolism. In the context of this thesis, this 

could be related to an extent to the results from Chapter 3, in which men have stronger 

associations between SFAs and liver fat, than women. As liver fat is mainly TG, this could be 

driven by the same difference in metabolism, potentially due to the lack of the protective effect 

of oestrogen. 

However, considering that most women in this sample belong to the postmenopausal group, 

the impact of oestrogen may not be present, and this could be an incidental finding, especially 

since these associations were not observed in other analyses. Still, it has already been pointed 

out in this chapter that the measurement and categorisation of menopause in this study are 

imperfect. These limitations highlight the importance of conducting future studies in 

populations with a wider age range to assess these associations in big datasets with sufficient 

statistical power for both pre-and post-menopausal women.  

6.2.7 The role of BMI and adiposity across analyses 

BMI played an important role on most of the associations studied in this thesis, confounding 

the associations in which diet and plasma fatty acids were the exposure. There is value in 
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including BMI in the statistical models built in this thesis, and presenting results before and 

after adjustment, which has not been done by many of the articles published. BMI is related to 

liver fat outcomes, and to both dietary and plasma fatty acids exposures. In some patients living 

with obesity, higher amounts of free fatty acid are released into the bloodstream, secreted by 

dysfunctional adipose tissue. Obesity is also associated with excessive liver fat due to the 

increase in fat tissue and lipid accumulation within the liver cells (14, 152, 153). BMI could 

have also acted as a mediator in the associations studied in this thesis. However, no mediation 

analyses were conducted. Incorporating mediation analyses in future research could provide a 

more nuanced understanding of the indirect and direct effects of BMI, enhancing the depth and 

robustness of this findings. BMI and visceral adiposity were moderately correlated in this 

sample (0.68 spearman correlation), which is similar with a meta-analysis carried out about 

correlations between BMI and VAT (55). However, they are not the same entity as VAT which 

specifically refers to the metabolically dysfunctional adipose tissue in the abdominal cavity. 

One of the findings of this thesis, in which the associations between dietary SFAs and liver fat 

were stronger in those with high VAT, highlights the importance of assessing for effect 

modification by adiposity: in this case, it may be particularly advisable a greater reduction in 

dietary SFA intake for patients with high levels of VAT. However, in order to apply this advice 

further research would be needed to confirm these findings, and to determine specific cut-off 

values for high VAT. 

6.2.8 The role of alcohol intake across analyses 

Alcohol intake, a variable challenging to measure as it was based on self-report, had a central 

role in this thesis. Very detailed data on alcohol consumption allowed the exclusion of 

participants with excessive drinking, as well as adjustment as a confounder. This variable is 

key as it is strongly associated with liver fat accumulation, MetALD and ALD (154). It is 

important however, that while the data on alcohol included a wide range of products, it was 
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only taken once at baseline, and could have changed since. Therefore, this could have led to 

misclassification of alcohol intake, introducing information bias. To exclude new cases of liver 

steatosis related to alcohol intake, any alcohol related fatty liver disease that was incident in 

hospitals also made the participants excluded, but it is also clear that hospitalisation likely 

occurs in very advanced and severe cases. As previously mentioned, GP data was not available 

for this thesis, but could have also been a helpful source to identify participants who had been 

referred to alcohol cessation or rehabilitation programs, which could have been noted by 

their GP. 

Considering alcohol intake in this thesis exclusion criteria and as an adjustment in the models 

has allowed to observe unexpected findings in the case of PUFAs. In Chapter 3, after limiting 

the sample to people with very moderate alcohol intake, the associations between PUFAs and 

liver fat became non-significant, while in Chapter 4, there were no significant associations 

between PUFAs and MASLD, which by definition already excludes moderate alcohol 

drinking. While the alcohol measurement was imperfect, this may suggest that the inverse 

associations between liver fat and PUFAs are not observed when participants are very light 

drinkers. However, these findings are unexpected, considering the evidence on the associations 

between alcohol intake and an increase in DNL, which promotes liver fat accumulation. PUFAs 

may reduce DNL, and there may be a threshold of DNL at which the inverse associations 

between PUFAs and liver fat are observed. These findings could have been considered 

incidental, but as they were observed in two separate settings of moderate consumption, they 

require attention, and further investigations on associations between PUFAs and liver fat in 

low alcohol intake contexts are needed.  
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6.3 Methodological considerations 

This thesis presents results from observational designs, which cannot establish causality, and 

presented associations observed at a specific time. There are many aspects of the design of the 

analyses carried out that are listed below that must be considered when interpreting the results. 

6.3.1 Sample characteristics (comparison across samples, size, power, chance 

findings) 

The sample sizes in the UK Biobank varied from 7,201 to 12,013 participants, and the sample 

in OCDEM was 125. The analyses carried out in the UK Biobank have been able to detect 

modest associations between dietary exposures and outcomes, and used the largest dataset of 

liver MRIs available at the moment, which is a strength (78). Due to the age at recruitment and 

the time at liver MRI, most of the women included in the study were considered part of the 

Postmenopausal group, and subgroup analysis by menopausal status were not significant, 

which could be explained by lack of power, or a lack of association at all. Chance findings due 

to multiple testing could have arisen due to exploring many dietary exposures, producing type 1 

errors. However, as an attempt to control for this, there was a correction for multiple testing by 

lowering the significance threshold to <0.0018 in the case of multiple individual fatty acids.  

6.3.2 Ethnicity studied  

While this thesis considered the role of Ethnicity in the statistical models, it has been pointed 

out in previous chapters that the UK Biobank participants where more than 90% White 

ethnicity, and OCDEM participants were 100% White, which limits the representativeness of 

this sample, and it is as a main limitation (155). While the UK Biobank represents the largest 

global repository of MRI liver fat with dietary data, there is still urgency to study these research 

questions across diverse populations, as steatosis profiles can vary significantly. For example, 

in Caucasian populations obesity-related steatosis is more prevalent than lean steatosis, 

whereas Asian populations tend to have a greater proportion of cases of lean steatosis (156). 
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Additionally, Hispanic adults may have a higher prevalence of MASLD than non-Hispanic 

adults, and this group was not included in this thesis (157). Moreover, eating behaviours, such 

as snacking and food preparation, vary significantly between Western and Eastern 

populations (156). Urbanization and lifestyle changes, including shifts in dietary patterns, may 

contribute differently to associations between dietary fatty acids and liver steatosis (156). 

While some studies attribute ethnic disparities to socioeconomic status and social determinants 

of health, which is partially accounted for by including Townsend index in this thesis, future 

research must recruit participants with data on both diverse ethnicity and socioeconomic status 

to better understand these differences. Including a broader range of ethnicity groups is 

necessary to ensure diverse representation, and to allow power for subgroup analyses, to 

observe if the associations between dietary fatty acids and liver fat are different across 

ethnicities. This approach would prevent potential recommendations and evidence-based 

advice from being limited to a single ethnicity, thereby promoting inclusivity and broader 

applicability.  

6.3.3  Selection bias 

While the UK biobank invitations to participate attempted to recruit a group as representative 

as possible from the UK population, only 5% of people contacted accepted to be involved, 

which could have introduced selection bias, and in particular healthy volunteer bias. This can 

be observed because compared to the general population, overall UK Biobank participants 

present some evidence of healthy volunteers selection bias: they report fewer self-reported 

health conditions and have lower all-cause mortality rates than the general population in both 

ages 70 to 74 for men and women (155). In addition, participants who completed a dietary 

assessment presented characteristics of health-consciousness, and they tended to be White, 

female, older, less deprived and more educated, which increases the selection bias (70).  
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While still acknowledging these sources of selection bias, it is important to observe that results 

from analyses using UK Biobank data may still be generalizable to the general population, 

considering previous studies (124, 125). 

The data obtained from participants at the OCDEM trials was obtained from variety of 

volunteers. While the Oxford Biobank claims to be representative of Oxfordshire, there could 

be some healthy volunteer bias still, especially considering that there were different participants 

who volunteered who were not recruited via the Oxford Biobank (93). The selection criteria 

for these participants also considers that the participants are free from known metabolic 

disease, and providing a healthy sample- but also includes participants from 

steatohepatitis trials. 

6.3.4 Dietary intake assessment  

As nutritional epidemiology studies, the discussion sections of Chapters 3 and 4 present the 

multiple challenges of self-reported dietary data (158). There are several limitations of self-

reported dietary data that have been mentioned in the respective discussion sections that have 

to be considered, such as understanding that results may be influenced by social desirability 

bias, as participants may tend to report healthier choices than their usual diet, which would 

weaken the results observed here. Within person day-to-day variability in dietary intake may 

also introduce random error. There was an attempt to reduce this by only including participants 

with at least 2 24-hour dietary assessments, but the use of repeated 24 hour assessments does 

not completely account for long term variations in diets: even by repeating them in different 

days and months, it may still present some measurement error, and dietary intake may still 

change over time (130). The sensitivity analyses were restricted to participants who had 

completed ≥4 WebQs, which may have allowed for a better capture of dietary intake, providing 

more data per participant and reducing random measurement error and within-person 

variability. However, restricting the analysis to participants who completed ≥4 WebQs may 
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have introduced additional selection bias, as this subset is likely to represent a highly motivated 

and even more health-conscious group compared to the general population of Oxford WebQ 

responders (70). Still, repeated measurements are necessary in order to obtain more reliable 

usual dietary intakes. The 24-hour assessment is not as precise as a food diary or as a controlled 

intervention (3) but is much more suitable for cohort studies (71). This is particularly relevant 

for liver fat, which is an outcome that is strongly associated with excess of energy intake as 

evidenced by multiple intervention studies and the strong association with obesity. As 

strengths, it is a well-accepted method that can be administered online, reducing participants 

fatigue and the need of interviewers, carried out on different months to capture intakes that 

may vary through the seasons, calculating nutrients automatically, and at a low cost (67). There 

is data on eating patterns in the UK Biobank, but this is limited to eating disorders or binge 

eating, and it would have been useful to have data on eating speed, and pace, as it has been 

observed that high eating speed is associated with liver steatosis (159). In addition, while it is 

a very valuable resource, as described in this thesis, the Oxford WebQ is limited by the 

predefined food items in its database, which may lead to underrepresentation of certain 

products and the introduction of measurement error. 

6.3.5 Liver fat outcomes 

For this thesis, the liver fat outcomes ascertainment used MRI, which is a non-invasive, 

accurate method to measure liver fat, and all MRI scanners were the same brand and type, using 

the same software across all imaging centres in the UK Biobank (79, 80). As previously 

mentioned, the availability of MRI measurements of liver fat allows for studying a large 

number of participants with a very detailed measurement of liver fat (120). However, genetic 

variants that make participants more susceptible to MASLD were not excluded from the 

analysis or adjusted for, which is a limitation of this project (160). In addition, MASLD is a 

multifactorial and fluid condition. Unlike acute outcomes such as stroke or a cancer diagnosis, 
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its nature allows for changes over time, and it can either improve, allowing a return to a healthy 

liver when steatosis is still reversible, or deteriorate to progress to more severe stages. It is also 

silent, undiagnosed in many cases and only screened for in patients with certain conditions. In 

addition, those who are screened by their GP are usually studied with ultrasound, which detects 

steatosis once it is very advanced, and it is then difficult to capture steatosis at early stages. 

Finally, participants who are hospitalised are the one in very advanced stages as well. 

Therefore, this population based cohort with imaging provides an effective approach to 

studying MASLD and diet, as it allows for the detection of MASLD cases that would otherwise 

go unnoticed, during asymptomatic stages.   

6.3.6 Reverse causality 

Temporality is one of the considerations to look at when interpreting the results of this thesis. 

While there has been an effort to minimise the potential of reverse causality, by excluding 

participants with concomitant chronic diseases and conditions that may affect their diet or 

weight significantly, the excess (or lack of) liver fat accumulation may have preceded the 

dietary exposure, as data on liver MRIs was obtained once, many years after diet assessment, 

and changes over time were not calculated. As there are no routine liver ultrasounds or imaging 

prescribed for the general population, and due to the dynamic nature of liver fat accumulation 

which can change in only 2 weeks, shown in trials, it is not known if participants’ levels of 

liver fat would have been similar at the time that diet was measured. This represents a major 

limitation of this thesis, as dietary changes may have been introduced and they may have 

represented significant changes in their liver (161). This is a limitation of this study that could 

have been remediated if there were data on repeated liver fat measurements, including one 

close to the time in which diet was measured. The repeated imaging studies of the UK Biobank 

were carried out on a subsample that did not complete any further dietary assessments, so there 

is no exposure measurement that could be included. In the case of the OCDEM dataset analysed 
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in Chapter 5, blood measurements and liver imaging were carried out on the same period, with 

only a few days of difference, but it is still a cross-sectional study that cannot establish 

temporality. Further research is needed to understand the progression of liver fat steatosis, as 

it can either worsen or improve over time. Since a single MRI does not provide information 

about the individual's past or future trajectory, there is a possibility of reverse causality, though 

unlikely, that should be considered. 

There may have been undiagnosed chronic disease that were not correctly excluded in many 

cases, which could have led to changes in diet, and therefore including participants in this study 

who were no longer consuming similar nutrients as reported before. While data from hospital 

episodes was used to exclude any new cases, there could have been diagnoses outside this 

setting, such as primary healthcare that were not detected. While primary health data could 

have been helpful to detect additional medication or metabolic diseases, as mentioned before, 

it may be relevant only for incident dyslipidaemia or hypertension, or increased liver enzymes, 

which are more likely to be diagnosed than liver steatosis.  

In the cases of Chapter 4, 5, and 6, the outcome of interest is liver fat or high liver fat as part 

of MASLD, which is different from other classic outcomes such as cardiovascular events or 

cancer diagnosis: as this is not an acute event with a clear set of signs and symptoms, and is 

usually not diagnosed. The valuable aspect of this sample is that it included diabetic 

participants, which were not studied in Chapter 4, and may benefit from specific advice, 

different from the overall population. 

Residual confounding that was not measured should also be considered in these associations 

observed. While there was an attempt to understand this by assessing the change in chi-square, 

they were high in many cases, which estimates that there was high influence of residual 

confounding. It is important to be aware of potential residual confounding, that may be present 
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in this observational study, even after the attempt to measure variables as precisely as possible 

and performing the relevant exclusions.  

Self-reported alcohol intake, physical activity and smoking may also have changed over time. 

These potential changes in behaviour, in particular in alcohol consumption, may have 

introduced misclassification of the covariate, which could have led to residual confounding as 

the influence of the true measure of these confounders would not have been controlled, making 

the aassociations observed less accurate. While excluding incident cases of “any alcoholic liver 

disease” hospital episodes, there may still have been participants who have changed their 

alcohol intake, and not reached the severity needed to go the hospital, which is a limitation of 

this thesis. 

6.4 New evidence for current dietary guidelines 

The positive associations between SFAs and MUFAs and liver fat outcomes, and the inverse 

associations between PUFAs and liver fat outcomes may be an opportunity to encourage more 

research about this in dietary trials, and inform guidelines on the dietary management 

of MASLD. In September 2024, a Delphi consensus published by 55 experts from 27 countries 

concluded that a reduction in SFAs consumption is advised for the approach to MASLD, due 

to the emerging accumulating evidence on its harmful associations with liver fat (21). However, 

reduction in SFAs is still not part of all official guidelines for MASLD approach, and there is 

still no clear advice on dietary fatty acid consumption, apart from reducing total fat and calorie 

intake. Currently, the latest guidelines recommend consumption of a Mediterranean diet, rather 

than specifying a group of fatty acids (101, 103, 104, 162). The proceedings from the American 

Association of the study of Liver Disease, states that there is not enough evidence on dietary 

approaches for MASLD from long-term trials that use biopsy to measure outcomes (162). 

While this would be a very precise measurement of liver histology and provide a very accurate 

measure of liver fat, it would mean the need of biopsies, likely hundreds, that are invasive and 
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carry more risks (162). MRI scans still provide good measurements of fat and are able to detect 

modest changes in liver fat over time, and a recent meta-analysis has shown that their 

implementation has similar performance as liver biopsies (120). 

Unlike findings from other studies, no individual fatty acid presented associations with liver 

fat that were significantly different from the ones anticipated based on their classification by 

level of saturation (SFAs, MUFAs, and PUFAs). This suggests that dietary guidance could, for 

now, focus on the major structural fatty acid groups, as there is no consistent evidence 

supporting a particularly different role of any single fatty acid. Emphasizing individual fatty 

acids would add unnecessary complexity, while we still do not have enough evidence, and 

making guidelines more challenging to implement or less acceptable to the population. 

In this thesis and other studies, the UK Biobank has provided valuable insights into the 

associations between different macronutrients and liver fat accumulation, including 

carbohydrates and protein. However, further research is needed to explore the complex 

interplay between macronutrients and other dietary components (20, 21, 32). 

6.5 Recommendations for future research 

The definition of MASLD is clear, but it has still not been fully implemented in new studies. 

The new set of definitions introduced in 2023 brought new challenges, and correct 

measurement of MASLD may not always be simple, as it requires access to imaging studies 

and adequate classification of alcohol intake. While the SLD definitions are still recent, correct 

implementation in further studies, along with adequate measurement tools, will be key to 

continue the research to understand this disease. The definition and the way steatosis and 

cardiometabolic factors are measured, and the correct measurement of alcohol to exclude cases 

of alcohol related steatosis, would be key for correct identification of MASLD cases in new 

studies.  In addition, further research is needed to clarify whether plasma fatty acids are linked 
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to MASLD, diet, or both. Fatty acids in plasma are still challenged by some as valid markers 

of diet (143). Advancing our understanding of the role of plasma fatty acids in liver fat 

accumulation is still necessary, as their use as biomarkers is still not fully understood and prone 

to error. More research on diverse populations, wider age ranges (especially pre and post-

menopausal women) and backgrounds, will be more helpful to understand how dietary fatty 

acids relate to liver outcomes in non-White populations. Large samples will be necessary to 

ensure adequate power, with adequate dietary assessment, and always considering the role of 

BMI in analyses (or other measurement of adiposity). The UK Biobank aims to have data from 

100,000 MRIs by 2025, which after carrying out pertinent exclusions, would enable the study 

of this research question in an even bigger sample. The use of repeated imaging studies to 

assess changes in liver fat over time, rather than relying on a single measurement would be 

key. In further studies, it would be helpful to recruit participants with different genetic risk 

scores. Interventional studies that look at the effect of dietary fatty acids in liver fat content 

may also include data on individual fatty acids, recruit participants from different ethnicities, 

and attempt to collect more data on VLDL-TG fatty acid composition in larger samples.  

6.6 Conclusion 

Given the recent introduction of the new definition of MASLD, and the growing interest in 

questions about diet and liver fat, this thesis provides valuable insights into this rapidly 

evolving area of study, to understand better how fatty acids relate to liver fat. While 

acknowledging that both dietary habits and MASLD are complex and multifactorial, and 

challenging to measure in observational studies, these findings still offer valuable insights 

despite their limitations. This is the first study in the UK Biobank that studies diet and MASLD, 

and that uses the individual dietary fatty acids dataset. The novel analyses carried out in this 

thesis support previously published research on the positive associations between dietary SFAs 

and liver fat outcomes, reinforcing current recommendations. Still the evidence for dietary 
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PUFAs and MUFAs is not as clear. While there is a strong focus and interest in MASLD 

research in the field, there is an opportunity to understand and do high quality research on this 

topic, to improve the significant global burden if this disease.  

MASLD (and overall excessive liver fat accumulation) is a complex, multifactorial condition 

that affects millions of people globally. Dietary habits are also complex behaviours, 

challenging to measure, that comprehend nutrients but also environment, setting and culture.  

While pharmacological trials are in place and mainly focus on advanced stages of MASLD, 

there is still significant opportunity to focus on preventive approaches through lifestyle 

changes. With more robust, high-quality evidence on the role of diet in MASLD, dietary advice 

could become increasingly precise and impactful. Diet is already a core element of 

multidisciplinary approaches to MASLD, and this would further enhance efforts to reduce the 

global burden of the disease.  
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7. Appendix 

i. Ancillary Figures 

 Linearity assumption diagnostics 

The plots displayed have checked for the assumptions of linearity by studying the distribution 

and mean of residuals and homoscedasticity. 

UK Biobank 

 

Fig A1 Linearity assumption diagnostics for Plasma SFAs%. 

 

 

Fig A2 Linearity assumption diagnostics for Plasma MUFAs%. 

 

Fig A3 Linearity assumption diagnostics for PUFAs%.  
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OCDEM 

Plasma fatty acids 

 

Fig A4 Linearity assumption diagnostics for Plasma SFAs%  

 

 

Fig A5 Linearity assumption diagnostics for Plasma PUFAs%.  

 

 

Fig A6 Linearity assumption diagnostics for Plasma MUFAs%.  
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VLDL TG Fatty acids composition 

 

 

Fig A7 Linearity assumption diagnostics for VLDL-TG SFAs%.  

 

 

Fig. A8. Linearity assumption diagnostics for VLDL-TG PUFAs% 

 

 

Fig. A9 Linearity assumption diagnostics for VLDL-TG MUFAs% 
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Individual fatty acids in VLDL-TG 

 

Fig. A10 Linearity assumption diagnostics for VLDL-TG Alpha linoleic % 

 

 

Fig. A11 Linearity assumption diagnostics for VLDL-TG Linoleic % 

 

  

Fig. A12 Linearity assumption diagnostics for VLDL-TG myrisitc % 

  

Fig. A13 Linearity assumption diagnostics for VLDL-TG oleic% 
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Fig. A14 Linearity assumption diagnostics for VLDL-TG palmitic% 

 

Fig. A15 Linearity assumption diagnostics for VLDL-TG palmitoleic% 

 

Fig. A16 Linearity assumption diagnostics for VLDL-TG stearic% 

 

Markers of cardiovascular risk 

Total cholesterol 

 

Fig. A17 Linearity assumption diagnostics for Total cholesterol 
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Fig. A18 Linearity assumption diagnostics for HDL Cholesterol  

 

Fig. A19 Linearity assumption diagnostics for Non HDL Cholesterol  

 

Fig. A20 Linearity assumption diagnostics for LDL Cholesterol 

 

 

Fig. A21 Linearity assumption diagnostics for VLDL Cholesterol  

 

 


