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Popular science summary 
Typ 2-diabetes (T2D) är en vanlig och mycket komplex sjukdom som påverkas av 
flera olika faktorer. Både arv, miljö, kroppens utveckling och ämnesomsättning 
spelar roll. Vid T2D har kroppen svårt att hålla blodsockret på en normal nivå. Det 
beror ofta på två saker: dels att kroppens vävnader blir mindre känsliga för insulin, 
dels att de insulinproducerande β-cellerna i bukspottkörteln inte kan producera eller 
frisätta tillräckligt med insulin. Insulin är ett hormon som hjälper socker att tas upp 
från blodet och användas som energi i kroppens celler. 

Stora genetiska studier har hittat många genvarianter som är kopplade till ökad risk 
för T2D. Dessa studier har varit mycket viktiga, men de förklarar inte hela bilden. 
En genvariant kan nämligen påverka kroppen på olika sätt beroende på när i livet 
den är aktiv, i vilken vävnad den verkar och ibland även om den har ärvts från 
mamman eller pappan.  

En central del av denna avhandling handlar om så kallade parent-of-origin-effekter. 
Det betyder att en genvariant kan ha olika effekt beroende på om den ärvs från 
mamman eller pappan. Vi ärver två kopior av de flesta gener, en från varje förälder. 
Ofta används båda kopiorna, men ibland används den ena kopian mer än den andra. 
I vissa fall kan en genkopia till och med vara helt avstängd. Detta kallas genomisk 
prägling och är särskilt viktigt under fosterutvecklingen, då organ och vävnader 
bildas. Ett närliggande begrepp är ”obalans i alleluttryck”. Det innebär att de två 
genkopiorna inte uttrycks lika mycket. Genom att studera detta kan man få ledtrådar 
om vilka gener som kan vara inblandade i parent-of-origin-effekter, och därmed 
vara särskilt viktiga i en viss vävnad eller sjukdom. I detta arbete användes sådana 
analyser för att förstå hur gener regleras i bukspottkörteln, både under 
fosterutvecklingen och i vuxna bukspottkörtelöar där β-cellerna finns. 

Resultaten visar att parent-of-origin-effekter kan påverka viktiga egenskaper som 
insulinsöndring, insulinkänslighet och blodfettsnivåer. Effekterna var inte alltid 
likadana genom livet, utan kunde förändras från barndom till vuxen ålder. Det tyder 
på att vissa genetiska effekter etableras tidigt och kan bidra till sjukdomsrisk senare 
i livet. Flera gener med föräldraspecifik reglering var också aktiva i fostrets 
bukspottkörtel, vilket kan vara viktigt för hur insulinproducerande β-celler 
utvecklas. I vuxna bukspottkörtelöar hittades obalans i alleluttryck i gener som är 
relevanta för β-cellernas funktion och T2D. Detta tyder på att skillnader i hur de två 
genkopiorna används kan påverka både normal insulinproduktion och 
sjukdomsutveckling. Samma typ av analys kunde även användas i akut lymfatisk 
leukemi, vilket visar att metoden kan ge viktig kunskap även vid andra sjukdomar. 

Sammanfattningsvis visar resultaten att genetiska effekter inte alltid är enkla eller 
likadana för båda föräldrarna. Genom att ta hänsyn till föräldraursprung, 
utvecklingsstadium och genreglering i olika vävnader kan vi få en bättre förståelse 
för varför T2D och andra komplexa sjukdomar uppstår. 
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Introduction 

Complex traits 
This thesis will primarily address type 2 diabetes (T2D), a metabolic disorder, but 
will also cover cancer, specifically acute lymphoblastic leukemia (ALL), which, 
although not a metabolic disorder itself, exhibits metabolic dysregulation as a 
central feature (1). Both T2D and cancer are complex traits (2), although cancer 
involves additional complexity due to acquired somatic mutations. 

A complex trait is a phenotype that is influenced by multiple genetic variants and 
environmental factors, rather than by a mutation in a single gene. The genetic 
architecture is typically polygenic, meaning many loci contribute small effects that 
together shape the trait (2). Key characteristics of complex traits include: 

1. Polygenic inheritance 
Many genes contribute, each with a small effect, as seen in the multiple 
susceptibility loci associated with T2D and cancer risk (2). Most of these 
risk variants map to non-coding regions of the genome, suggesting they 
influence gene regulation rather than protein sequence (3). 

2. Environmental influence 
Lifestyle, diet, and other exposures significantly influence the development 
and progression of both T2D and cancer (4, 5). 

3. Non-Mendelian inheritance patterns 
The risk for these diseases does not follow simple dominant or recessive 
rules (2). 

4. Gene–gene and gene–environment interactions 
Interactions between genetic variants and environmental factors influence 
disease susceptibility (6-8). 

5. Quantitative or multifactorial nature 
Traits like blood glucose regulation in T2D or overall cancer risk exist along 
a continuous spectrum rather than discrete categories (9, 10). 

These features highlight why both T2D and cancer are considered complex traits 
and underscore the challenges in predicting, preventing, and treating them. 
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Diabetes - A Global Health Challenge  
Diabetes is not a single disease but a group of metabolic disorders characterized by 
chronically elevated blood glucose levels (11). Persistent hyperglycemia often leads 
to long-term damage of multiple organs, causing substantial morbidity and suffering 
among affected individuals. Common long-term complications include 
cardiovascular disease, chronic kidney disease, hearing and vision loss, peripheral 
neuropathy, and neuropsychiatric complications (11, 12). In addition to its clinical 
impact, diabetes imposes a considerable societal burden, with global healthcare 
expenditures estimated to exceed 1 trillion USD by 2025 (13).  

Type 2 Diabetes 
Prevalence  
As of 2024, an estimated 589 million adults aged 20-79 years worldwide are living 
with diabetes, a number projected to increase to 853 million by 2050, making 
diabetes one of the fastest growing global health challenges (13). T2D is the most 
common form, accounting for approximately 90% of all cases worldwide (11, 13) 
(Figure 1). In Sweden, T2D likewise accounts for approximately 90% of diabetes 
cases, with an estimated 566,600 affected adults (20–79 years) (≈7.5%) (13). 
Similarly, in Finland, T2D accounts for approximately 90% of diabetes cases, with 
an estimated 400,400 affected adults (20–79 years) (≈6.9%) (13, 14). 

Notably, China and India have experienced a particularly rapid increase in T2D 
prevalence over the past few decades, coinciding with rapid urbanization, dietary 
transitions, and reduced physical activity. Despite this sharp rise, individuals in 
these populations tend to develop T2D at lower body mass index (BMI) levels 
compared with Western populations, reflecting ethnic differences in body 
composition, visceral adiposity, and metabolic susceptibility (15-17). Importantly, 
the true disease burden is likely underestimated because a large fraction of adults 
with diabetes remains undiagnosed, often linked to limited access to screening and 
healthcare capacity. According to 2024 estimates from the International Diabetes 
Federation (IDF), the proportion of undiagnosed diabetes is about 49.7% in China 
and 43.0% in India (18, 19). Historically, global diabetes projections have 
frequently been revised upward as new data have accumulated, suggesting that long-
term forecasts, including those for 2050, may represent conservative estimates (13). 
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Figure 1. Number of people with diabetes worldwide and per IDF Region, in 2024-2050 (20-79 
years)  
IDF Diabetes Atlas 11th edition – 2025 | diabetesatlas.org 
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Pathophysiology 
T2D is a complex, lifelong disease that arises from an intricate interplay between 
genetic susceptibility and environmental factors. While the major environmental 
contributors such as diet and physical activity are well established, the genetic 
determinants of T2D remains a challenge (11). The Disease is classically 
characterized by a combination of insulin resistance and impaired insulin secretion. 
Disease onset typically occurs when pancreatic β-cells can no longer compensate 
for increasing insulin resistance, a process often associated with obesity (11). 

The “omnious octet” 
Beyond this classical view, T2D is now recognized as a multisystem disorder 
involving multiple organs and regulatory pathways. This concept is encapsulated by 
the “ominous octet”, which describes eight interrelated pathophysiological 
mechanisms contributing to hyperglycemia, including dysfunction of the pancreas, 
liver, skeletal muscle, adipose tissue, gut, kidney, and central nervous system (20) 
(Figure 2).  

More specifically, the first component is pancreatic β-cell dysfunction, leading to 
inadequate insulin secretion and impaired glycemic control (20, 21).  

The second and third components are insulin resistance in skeletal muscle and 
liver, respectively. In skeletal muscle, insulin resistance reduces insulin-stimulated 
glucose uptake, whereas in the liver it impairs suppression of hepatic glucose 
production and contributes to increased gluconeogenesis (20, 21).  

The fourth component is adipocyte dysfunction, where impaired insulin mediated 
inhibition of lipolysis elevates circulating free fatty acids, further exacerbating 
insulin resistance and β-cell dysfunction (20, 22);  

The fifth component involves gastrointestinal incretin dysfunction, characterized 
by a reduced incretin effect due to impaired GLP-1 action and inadequate GIP 
mediated stimulation of insulin secretion (20, 23). In this thesis, particular attention 
is given to the gene GLP1R, which encodes the glucagon-like peptide-1 receptor. 
This receptor has gained considerable interest in recent years due to its central role 
in incretin-based therapies for T2D and obesity. Pharmacological agents targeting 
this pathway, such as the GLP-1 receptor agonist semaglutide and the dual 
GIP/GLP-1 receptor agonist tirzepatide, mimic the effects of the incretin hormone 
GLP-1, leading to glucose-dependent insulin secretion, suppression of glucagon 
release, delayed gastric emptying, reduced appetite, weight loss, and improved 
cardiometabolic outcomes (24). 

The sixth component is α-cell dysfunction, leading to inappropriate glucagon 
secretion, increased hepatic glucose output, and fasting hyperglycemia (20, 25).  
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The seventh is renal glucose handling, where upregulated sodium-glucose 
cotransporter 2 (SGLT2)-mediated glucose reabsorption limits glucosuria and 
sustains hyperglycemia (20, 26). 

The final component is central nervous system dysregulation. In obesity, 
functional magnetic resonance imaging (fMRI) studies have demonstrated an 
attenuated and delayed hypothalamic response to oral glucose ingestion, consistent 
with altered central nutrient sensing in brain regions involved in appetite and energy 
balance (20, 27). 

Together, this framework highlights the complexity of T2D pathogenesis and 
emphasizes that β-cell dysfunction occurs within a broader context of systemic 
metabolic dysregulation. 

The “egregious eleven” 
More recently, this model has been expanded to incorporate additional contributors 
to disease development and progression, sometimes referred to as an updated 
ominous octet or the “egregious eleven” (28) (Figure 2).  

The ninth component is systemic low-grade inflammation and immune 
dysregulation, where chronic activation of inflammatory pathways in adipose 
tissue, liver, and pancreatic islets promotes insulin resistance and accelerates β-cell 
dysfunction.  

The tenth component is reduced amylin action secondary to β-cell dysfunction, 
which can accelerate gastric emptying and increase intestinal glucose absorption, 
thereby worsening postprandial hyperglycemia. 

The eleventh component involves alterations in the gut microbiome, which may 
influence glucose homeostasis through effects on short chain fatty acid production, 
bile acid metabolism, intestinal barrier integrity, and systemic inflammatory 
signaling.  

In summary, these additional mechanisms extend the original framework and 
reinforce the view of T2D as a heterogeneous and multifactorial disease involving 
metabolic, inflammatory, and neuroendocrine pathways. In this thesis, particular 
focus is placed on the first component, insulin deficiency due to pancreatic β-cell 
dysfunction, which may arise from reduced β-cell mass, β-cell dedifferentiation in 
adulthood, or lower β-cell mass already established in early life, such as during fetal 
development (Figure 3). 
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Figure 2. The “Ominous Octet” and extension to the “Egregious Eleven” in type 2 diabetes. 
The Ominous Octet illustrates eight key organ-specific defects contributing to hyperglycemia, including 
pancreatic β-cell and α-cell dysfunction, insulin resistance in skeletal muscle and liver, adipocyte 
dysfunction, impaired incretin action in the gastrointestinal tract, altered renal glucose handling, and 
central nervous system dysregulation. Building on this framework, the “Egregious Eleven” incorporates 
additional mechanisms, including systemic low-grade inflammation and immune dysregulation, reduced 
amylin action secondary to β-cell dysfunction, and alterations in the gut microbiome, highlighting the 
increasingly recognized complexity and multisystem nature of type 2 diabetes pathophysiology. 
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Insulin resistance and obesity are well-established contributors to T2D. However, 
obesity alone cannot explain disease onset. If obesity were sufficient to cause T2D, 
most individuals with obesity would develop hyperglycemia. In reality, 
approximately 80% remain free of diabetes (29), indicating that additional factors 
are required. Growing evidence suggests that pancreatic β-cell dysfunction is a 
central determinant of whether insulin resistance progresses to overt disease. One 
explanation for β-cell compensatory failure is pre-existing β-cell dysfunction, 
potentially resulting from reduced β-cell mass or impaired functional capacity. This 
relative insulin deficiency can accelerate metabolic dysregulation and promote 
further loss of β-cell function. Although the precise mechanisms underlying β-cell 
failure remain incompletely understood, intrinsic β-cell dysfunction, potentially 
influenced by hereditary factors, appears to play a central role in T2D pathogenesis 
(29).  

 
Figure 3. Origins of insulin deficiency in type 2 diabetes. 
Insulin deficiency can arise from impairments in pancreatic β-cell function and/or mass. In adulthood, this 
may result from β-cell dysfunction, including processes such as dedifferentiation and apoptosis, as well 
as other mechanisms that contribute to a reduction in β-cell mass. Alternatively, insulin deficiency may 
reflect a lower β-cell mass established earlier in life, including during fetal development. Together, these 
pathways highlight that insulin deficiency in type 2 diabetes can originate from both developmental 
programming and acquired β-cell dysfunction across the lifespan. 
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Assessment of Insulin Sensitivity and β-Cell Function 
Given the central role of β-cell dysfunction and insulin resistance in the 
development of T2D, reliable methods to assess these processes are essential in both 
clinical and research settings. In clinical practice and epidemiological studies, 
glucose metabolism is commonly evaluated using fasting measurements of glucose, 
insulin and/or C-peptide, or by performing an oral glucose tolerance test (OGTT).  

Commonly used indices include the fasting-based Homeostatic Model Assessment 
(HOMA), including its updated version HOMA2, and the OGTT-derived Corrected 
Insulin Response (CIR) (30, 31). These methods provide indirect but practical 
measures of glucose metabolism and pancreatic β-cell function and are therefore 
frequently used in epidemiological and clinical studies of diabetes.  

OGTT 
OGTT is commonly used to assess glucose metabolism. After an overnight fast, 
participants ingest a standardized glucose load, typically 75 g of glucose dissolved 
in water. Blood samples are collected at defined time points, most commonly at 
baseline and two hours after ingestion, to measure plasma glucose and insulin or C-
peptide concentrations (32). These measurements allow evaluation of glucose 
tolerance and can also be used to derive indices of insulin secretion and insulin 
sensitivity.  

HOMA indices 
HOMA is a fasting-based method used to estimate insulin resistance and β-cell 
function from fasting glucose and insulin concentrations (31). HOMA-β provides 
an estimate of pancreatic β-cell function under fasting conditions, reflecting basal 
insulin secretion. The updated HOMA2 model accounts for nonlinear relationships 
between glucose and insulin and provides estimates of insulin resistance (HOMA2-
IR) and β-cell function (HOMA2-β). HOMA2 can also incorporate C-peptide as a 
measure of endogenous insulin secretion (31).  Detailed calculations of these indices 
are provided in the Methods section. 

CIR 
In contrast to fasting-based indices, OGTT-derived measures can provide insight 
into dynamic insulin secretion following glucose stimulation. One such index is the 
Corrected Insulin Response (CIR), which estimates early-phase insulin secretion 
based on glucose and insulin concentrations measured during the OGTT. Higher 
CIR values indicate a greater early insulin secretory response to glucose (33). The 
calculation of CIR is described in detail in the Methods section. 
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Cancer 
Cancer is a complex, multifactorial disease that arises from the interaction of genetic 
susceptibility, somatic mutations, and environmental influences. A hallmark of 
many cancers is profound metabolic dysregulation, reflecting the reprogramming of 
cellular metabolism required to sustain uncontrolled proliferation and survival (1). 
Increasing evidence suggests that alterations in gene dosage and regulatory variation 
can contribute to these processes through mechanisms such as allelic expression 
imbalance (AEI), in which the two alleles of a gene inherited from each parent are 
expressed at unequal levels. AEI may arise from cis-regulatory variation, epigenetic 
mechanisms, or chromosomal dosage effects, thereby influencing disease 
phenotypes (34-36). 

Acute Lymphoblastic Leukemia 
These regulatory perturbations are particularly relevant in hematological 
malignancies such as acute lymphoblastic leukemia (ALL), the most common 
childhood cancer, accounting for approximately 25% of all childhood cancers (37). 
ALL is characterized by widespread chromosomal alterations that affect gene 
dosage and transcriptional regulation, leading to uncontrolled proliferation of 
immature lymphoid cells, bone marrow failure and potentially life-threatening 
disease (34, 38, 39). Studies have shown that inherited variants and chromosomal 
abnormalities such as copy number variations (CNVs) can generate AEI in leukemic 
cells, suggesting that allele-specific regulatory effects may represent a general 
mechanism linking genetic variation to altered transcriptional output in both cancer 
and metabolic tissues. 

Genetic architecture of type 2 diabetes 
Polygenic Risk and Heritability  
As mentioned earlier, T2D arises from an interplay between genetic and 
environmental factors and represents a complex polygenic disease with a substantial 
heritable component. Family and twin studies have estimated the heritability of T2D 
to range from approximately 30% to 72%, indicating a substantial genetic 
contribution to disease susceptibility (40-42). Twin studies have played a central 
role in estimating the heritability of T2D. Studies consistently show that T2D occurs 
more frequently in monozygotic twins, who share nearly identical genomes, than in 
dizygotic twins, who share approximately half of their segregating genetic variation 
(11, 43, 44). These findings support a substantial genetic contribution to disease 
risk. Further evidence comes from population studies showing marked differences 
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in the prevalence of T2D among ancestral groups. Importantly, such differences 
have been observed even among populations living in similar environments, 
suggesting that inherited genetic variation contributes to disease susceptibility 
beyond environmental influences alone (45, 46).  

Common and Rare Variant Architecture 
Genome-wide association studies (GWAS) based on multi-ancestry populations 
have identified many genetic variants associated with T2D. As of 2024, 1,289 
independent association signals mapping to 611 loci have been reported (47-50). 
Although some variants are rare and confer relatively large effect sizes, most 
identified loci are represented by common variants with modest individual effects. 
Collectively, these variants explain only approximately 50% of the estimated 
heritability of T2D (11, 49). 

The substantial proportion of unexplained heritability is commonly referred to as 
“missing heritability” and has prompted considerable debate regarding the 
underlying genetic architecture of T2D (11). One hypothesis proposes that the 
remaining heritability resides in a very large number of additional common variants 
with small additive effects, consistent with a highly polygenic model in which T2D 
represents the extreme ends of a continuous liability distribution. In contrast, an 
alternative hypothesis suggests that rare variants with larger effects may underlie 
signals detected at common loci and thereby account for a substantial share of the 
missing heritability (11, 51, 52). Importantly, the predominance of common variants 
in GWAS findings largely reflects statistical constraints. Association testing of low-
frequency alleles requires substantially larger sample sizes than are needed to detect 
common variants with small effects. Consequently, rare variants may be 
underrepresented in current datasets due to limited statistical power rather than 
absence of biological relevance. 

An argument frequently raised against both common and rare deleterious risk 
variants is that such alleles would be expected to undergo purifying selection and 
therefore be eliminated from the population. However, this reasoning is less 
compelling in the context of T2D, where disease penetrance depends strongly on 
environmental exposures. Genetic variants that increase susceptibility in today’s 
obesogenic and sedentary environment may previously have been neutral or even 
advantageous under historical conditions characterized by food scarcity and higher 
energy expenditure (11). 

Together, these observations support a highly polygenic architecture in which 
numerous common variants of small effect and rarer variants of larger effect 
contribute to disease susceptibility within an environment-dependent framework of 
risk. 
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Importantly, both common and rare variants are now thought to exert much of their 
effect through regulatory mechanisms rather than through alterations in protein-
coding sequences. Indeed, the majority of T2D-associated variants map to non-
coding regions of the genome and frequently overlap regulatory elements such as 
enhancers and promoters that are active in metabolically relevant tissues, 
particularly pancreatic islets. Consequently, understanding how genetic variation 
influences gene regulation has become a central challenge in deciphering the 
molecular basis of T2D susceptibility. 

Tissue-Specific Gene Regulation and Disease Pathways 
Although all cells in the body share an identical DNA sequence, they differ 
markedly in structure and function due to tightly regulated, tissue-specific gene 
expression programs established during development and differentiation. These 
programs enable cells to acquire specialized functions, in contrast to the pluripotent 
state of embryonic stem cells and are maintained through cell-type–specific 
regulatory landscapes. Consequently, the functional impact of a genetic variant 
depends not only on its genomic location but also on the regulatory context in which 
it acts. 

Genetic risk for T2D is mediated through multiple biological pathways, including 
insulin secretion, insulin resistance, adipogenesis, and β-cell survival. Notably, 
variants influencing insulin secretion and β-cell function appear to play a central 
role in disease pathogenesis, consistent with evidence that β-cell failure is a key 
determinant of disease onset and progression. This diversity of genetic mechanisms 
likely contributes to the pronounced heterogeneity observed among individuals with 
T2D and may account for differences in clinical presentation, disease progression, 
and treatment response. 

GWAS typically identify statistical associations at the level of individual variants 
rather than the genes or biological mechanisms they influence. As many disease-
associated variants reside in non-coding regions, interpreting GWAS signals 
therefore requires an understanding of how regulatory variation affects gene 
expression in relevant tissues. In the context of T2D, this is particularly important 
in pancreatic islets, where genetic variation can influence β-cell development, 
insulin secretion, and cellular function.  
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Regulatory Variation 
Overview of Regulatory Elements 
In addition to alterations in the coding regions of the DNA sequence itself, gene 
expression is strongly influenced by regulatory variation. Regulatory variation 
refers to differences in genomic elements that control when, where, and to what 
extent genes are expressed. These elements include promoters, enhancers, silencers, 
insulators, non-coding RNAs, and epigenetic modifications, all of which contribute 
to the fine-tuning of transcriptional regulation (53-55). 

Promoters 
Promoters are regulatory DNA regions located upstream of genes and serve as the 
primary sites for transcription initiation. They contain specific sequence motifs 
recognized by transcription factors and the basal transcriptional machinery, 
including RNA polymerase II. Promoters define the transcription start site and 
direction of transcription and largely determine baseline levels of gene expression 
(53-55). 

Enhancers 
Enhancers are distal regulatory DNA elements that increase gene expression by 
stimulating promoter activity. They can be located upstream, downstream, or within 
introns of their target genes and may act over large genomic distances. Enhancers 
function by binding transcription factors and co-activators and by facilitating 
chromatin looping, enabling physical interactions with promoters that enhance 
transcriptional efficiency (53-55). 

Silencers 
Silencers are regulatory DNA elements that repress gene expression. Like 
enhancers, they act through the binding of regulatory proteins and can be located at 
variable distances from the promoter. Silencers reduce transcription by inhibiting 
promoter activation, interfering with transcription factor binding, or promoting 
chromatin states that are less accessible to the transcriptional machinery. Silencers 
are enriched for expression quantitative trait loci (eQTLs) and disease-associated 
variants (53-55).  

Together, promoters, enhancers, and silencers form an integrated regulatory 
network that enables precise spatial, temporal, and quantitative control of gene 
expression. Genetic variation within these regulatory elements can lead to 
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substantial differences in gene expression without altering the underlying protein-
coding sequence, thereby contributing to phenotypic variation and disease 
susceptibility. 

Gene Expression Analysis 
Linking Genetic Variation to Function 
While GWAS have identified numerous genetic variants associated with T2D, these 
associations alone are insufficient to explain the molecular mechanisms underlying 
disease development. To better understand how genetic variation contributes to 
phenotypic variation, it is essential to investigate how regulatory variants influence 
gene expression in disease-relevant tissues, such as pancreatic islets. Gene 
expression analyses provide a critical link between genetic variation and biological 
function by revealing which genes are transcribed and how their expression 
modulated by genetic and environmental factors. 

eQTL Analysis 
One widely used approach to study regulatory variation is expression quantitative 
trait locus (eQTL) analysis, which identifies genetic variants associated with 
changes in total gene expression in nearby genes (56, 57). 

Allele-specific Expression Analysis 
Complementary to eQTL analysis, allele-specific expression (ASE) analysis 
quantifies the expression of the two alleles of a gene within the same individual, 
enabling the detection of allelic expression imbalance (AEI) (58, 59).  

AEI refers to unequal expression of the two alleles of a gene in heterozygous 
individuals, ranging from partial allelic imbalance to complete monoallelic 
expression, and reflects cis-acting regulatory variation or gene dosage effects 
(Figure 4). Because both alleles are measured within the same cellular context, AEI 
provides a direct link between genetic variation and gene regulation. AEI can arise 
from multiple regulatory mechanisms, including classical eQTLs, splice QTLs, non-
coding RNA-mediated regulation, copy number variation, and genomic imprinting 
or parent-of-origin effects. 
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Figure 4. Schematic representation of allelic expression imbalance (AEI). 
Allelic expression imbalance refers to unequal expression of maternal and paternal alleles within the 
same cell. Under bi-allelic expression, both alleles are expressed at comparable levels. In contrast, allele-
specific expression reflects preferential expression of one allele over the other, while monoallelic 
expression represents complete silencing of one allele. AEI encompasses both partial (allele-specific) 
and complete (monoallelic) imbalance, providing a framework for identifying cis-regulatory variation and 
gene dosage effects that influence transcriptional output. 

Parent-of-Origin Effects 
Definition and Mechanisms 
Parent-of-origin effects (POEs) refer to situations in which the phenotypic impact 
of a genetic variant depends on whether it is inherited from the mother or the father. 
Early embryological studies in mice demonstrated that maternal and paternal 
genomes are not functionally equivalent, as embryos containing only maternal or 
only paternal genomes fail to develop normally (60, 61). Consistent with these 
observations, studies of imprinted loci, most notably insulin-like growth factor 2 
(IGF2), showed that paternal expression is essential for normal fetal growth, while 
the maternal allele is silenced (62). In contrast, the insulin-like growth factor 2 
receptor (IGF2R) is maternally expressed and limits IGF2-mediated fetal growth 
by binding and promoting the degradation of IGF2, illustrating the reciprocal and 
often antagonistic effects of maternally and paternally expressed imprinted genes 
during development (63). Together, these findings contributed to the identification 
of genomic imprinting, an epigenetic mechanism that typically results in parent-
specific monoallelic expression and, in some cases, biased expression of one 
parental allele (64, 65). 
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Figure 5. Illustration of parent-of-origin effects mediated by genomic imprinting.  
Offspring inherit one allele from each parent at each locus; however, for imprinted genes, only one 
parental allele is expressed while the other is silenced. In this example, BMI is determined by the 
paternally expressed allele, whereas insulin secretion is determined by the maternally expressed allele. 
As a result, the offspring exhibits increased BMI and reduced insulin secretion. Uppercase and lowercase 
letters represent alternative alleles and do not imply dominance. 

As illustrated in Figure 5, the mother and father carry alternative alleles associated 
with opposing metabolic traits, including differences in body mass index (BMI) and 
insulin secretion. Although the offspring inherits one allele from each parent at each 
locus, only one parental copy is expressed for a given imprinted gene, while the 
other is silenced. In this example, BMI is determined by the paternally expressed 
allele, whereas insulin secretion is determined by the maternally expressed allele. 
Consequently, the offspring exhibits increased BMI and reduced insulin secretion, 
reflecting POEs arising from parent-specific gene expression. This illustrates how 
differential expression of maternal and paternal alleles can lead to parent-of-origin-
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dependent effects on metabolic phenotypes relevant to type 2 diabetes and provides 
a biological explanation for why disease risk may vary depending on parental 
inheritance.  

While this example of genomic imprinting represents the classical mechanism 
underlying POEs, such effects can also arise when both parental alleles are 
expressed but at different levels. In these cases, one allele is preferentially expressed 
over the other, resulting in a parent-specific expression bias rather than complete 
silencing. This can still lead to phenotypic differences depending on parental origin 
and may contribute to variation in complex traits, including type 2 diabetes (66). 

POEs are of particular interest in type 2 diabetes, as they may contribute to the well-
documented preferential maternal transmission of the disease. Epidemiological 
studies have shown that the lifetime risk of type 2 diabetes is higher in individuals 
whose mothers are affected compared to those with unaffected mothers or affected 
fathers (40, 41, 67, 68), suggesting a role for imprinting or other parent-specific 
regulatory mechanisms in disease susceptibility. 

Imprinted genes 
Imprinted genes represent a small subset of the genome that exhibit parent-specific 
expression, whereby only one parental allele is expressed while the other is silenced. 
In humans, approximately 100–200 imprinted genes have been identified, although 
this number may vary depending on tissue type and developmental stage (64, 65). 
Their expression is regulated by epigenetic mechanisms, most notably DNA 
methylation at imprinting control regions established during gametogenesis and 
maintained throughout development (64). Imprinted genes often display tissue-
specific and temporally restricted expression patterns and are enriched in pathways 
related to growth, development, and metabolic regulation (69). 

Beyond known and predicted imprinted genes 
While imprinted genes represent the classical mechanism underlying POEs, 
emerging evidence suggests that POEs may extend beyond known imprinted 
regions. Studies in mouse models have demonstrated that a substantial proportion 
of phenotypes exhibit parent-of-origin-dependent variation, even when they cannot 
be explained by known imprinted genes, although such effects may be partly 
explained by shared genetic background and environmental factors within families 
(70). One explanation for this broader landscape is that parent-specific effects may 
be context-dependent, arising only in particular tissues, developmental stages, or 
physiological conditions, and are therefore not consistently captured in standard 
analyses. In line with this, recent large-scale human genetic studies have 
demonstrated that such effects can be detected across diverse traits, suggesting that 
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POEs may be more widespread than previously appreciated, and may arise from 
additional, potentially context-dependent regulatory mechanisms beyond classical 
imprinting (71, 72). Experimental evidence further suggests that interactions 
between imprinted and non-imprinted genes can generate complex POEs, 
supporting a network-based mechanism underlying these effects (73). However, 
other studies have reported that POEs are largely restricted to known imprinted 
regions, highlighting ongoing uncertainty in the field (74). Notably, many weak 
parent-of-origin signals detected outside these regions are located near known 
imprinted domains, suggesting that they may reflect local chromatin context and 
tissue-specific regulatory effects rather than independent imprinting (74). 
Consistent with this, our group had previously identified a POE at the THADA 
locus, a gene implicated in type 2 diabetes susceptibility, where the phenotypic 
impact of genetic variation differed depending on parental inheritance. Importantly, 
this locus is not located within a canonical imprinted region, suggesting that POEs 
can occur outside classical imprinted domains and may reflect alternative regulatory 
mechanisms influencing metabolic traits (75). Comprehensive characterization of 
POEs remains challenging, in part due to the limited availability of large family-
based cohorts with sufficient statistical power across diverse traits (76). As parental 
origin cannot be inferred without parental genotypes, many large-scale genetic 
studies are not well suited to detect such effects. Nevertheless, recent large-scale 
analyses have begun to overcome these limitations and have identified POEs at loci 
outside known imprinted regions, suggesting that additional regulatory mechanisms 
beyond classical imprinting contribute to these effects (71, 76). 

Parent-of-Origin Effects and Developmental Programming 
POEs may also intersect with developmental programming, whereby early-life 
exposures influence long-term metabolic health. In addition to genetic inheritance, 
maternal factors can shape offspring phenotype through the intrauterine 
environment, including nutrient availability, hormonal milieu, and maternal 
metabolic status (77). This concept of developmental plasticity is central to the 
Developmental Origins of Health and Disease (DOHaD) hypothesis, which 
proposes that environmental conditions during critical periods of development can 
have lasting effects on disease risk (77). For example, exposure to nutrient scarcity 
in utero may induce adaptive responses that optimize survival under limited 
resource conditions. However, these adaptations may become maladaptive later in 
life when the postnatal environment is characterized by nutrient abundance, thereby 
increasing the risk of metabolic disorders such as type 2 diabetes. Similarly, 
exposure to a hyperglycemic intrauterine environment, such as in gestational 
diabetes mellitus (GDM), can lead to fetal hyperinsulinemia and altered metabolic 
programming, predisposing offspring to obesity and impaired glucose metabolism 
later in life (78). Interestingly, in the context of type 2 diabetes, epidemiological 
studies have consistently reported a stronger maternal than paternal transmission of 
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disease risk (40, 67, 68), suggesting that both maternal genetic effects and 
intrauterine influences contribute to susceptibility. However, paternal factors may 
also play a role, as genetic variation as well as environmental exposures such as age, 
smoking, and BMI can influence epigenetic marks in sperm and thereby affect 
offspring metabolic phenotypes (79-81). These paternal effects highlight that 
developmental programming is not exclusively maternal and may involve 
contributions from both parents. 

Evidence for POE in insulin deficiency and T2D 
Evidence for POEs in type 2 diabetes and related traits has been demonstrated at 
several loci, most notably KCNQ1, which was initially identified through GWAS 
as a susceptibility gene for T2D (82). Subsequent studies revealed a strong POE at 
this locus, with risk alleles conferring increased disease susceptibility depending on 
parental inheritance (72, 83). These findings have been replicated in multiple 
populations, including in our own studies (75). 

Mechanistically, variants at the KCNQ1 locus have been shown to be 
monoallelically expressed and differentially methylated in fetal pancreatic islets, 
while exhibiting biallelic expression in adult islets, indicating a temporally regulated 
imprinting pattern (84). This suggests that parent-of-origin-dependent gene 
regulation during fetal development may influence the establishment of β-cell mass. 
Supporting this, paternal mutations at the KCNQ1 locus have been shown to reduce 
pancreatic β-cell mass through epigenetic modification of downstream targets (85). 

Beyond KCNQ1, additional loci such as GRB10 have demonstrated POEs on 
glucose metabolism, with paternal inheritance associated with increased T2D risk 
and maternal inheritance associated with reduced fasting glucose (86). More 
recently, a large-scale genome-wide analysis by Hofmeister et al. identified POEs 
across multiple growth- and metabolism-related traits, including T2D, glucose-
related phenotypes, and HbA1c, further supporting a broader contribution of parent-
specific genetic regulation to metabolic disease susceptibility (71). Furthermore, our 
studies of gene expression in human pancreatic islets have identified AEI in the 
PEG3 gene, as well as a POE at the THADA locus, characterized by excess maternal 
transmission and differential methylation (75, 87).  

Together, these findings provide strong evidence that POEs contribute to the genetic 
architecture of insulin secretion, β-cell function, and the pathogenesis of T2D. 

Evolutionary perspective 
From an evolutionary perspective, genomic imprinting and the resulting POEs are 
thought to arise from selective asymmetries between maternally and paternally 
inherited alleles. The most widely accepted explanation is the kinship (or parental 
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conflict) theory, proposed by Haig and Moore, which suggests that imprinting 
evolved to modulate gene expression in a way that reflects differing evolutionary 
interests of maternally and paternally inherited alleles. This conflict arises because 
genes expressed in the fetus can influence how much nutrient is transferred from the 
mother during pregnancy, thereby affecting fetal growth and long-term metabolic 
health. According to this model, paternally expressed genes tend to promote fetal 
growth and nutrient acquisition, whereas maternally expressed genes act to limit 
resource use (88, 89). 

Alternative, non-mutually exclusive hypotheses have also been proposed. The 
sexual antagonism theory suggests that imprinting may evolve due to sex-specific 
differences in optimal trait expression, thereby helping to resolve intralocus sexual 
conflict (90, 91). In contrast, the maternal-offspring co-adaptation theory 
proposes that imprinting facilitates coordinated interactions between maternal and 
offspring traits, potentially favoring expression of the parental allele that optimizes 
fitness within this interaction (92). In this model, imprinting helps ensure that 
offspring traits are better matched to the maternal environment. 

A common feature of these models is that they invoke selective asymmetry between 
maternally and paternally inherited alleles at a given locus, leading to the evolution 
of differential, parent-specific gene expression (93). Together, these evolutionary 
frameworks provide a basis for understanding why POEs are enriched in pathways 
related to growth and metabolism and how their dysregulation may contribute to 
metabolic diseases such as T2D. 
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Overall aim and objectives 

This thesis aimed to investigate the role of parent-of-origin effects (POEs) in the 
regulation of metabolic disease risk, with a particular focus on type 2 diabetes (T2D) 
susceptibility and insulin secretion. The methodological framework centered on 
allele-specific expression (ASE) analysis as a means of detecting allelic expression 
imbalance (AEI) through large-scale screening of genes in adult and embryonic 
pancreas. Identified candidate genes were subsequently evaluated in large family-
trio and population-based genotype cohorts to assess POEs on T2D risk and insulin 
secretion, with the latter serving as a measure of β-cell function and its 
developmental regulation. In addition, one study demonstrated that ASE-based 
approaches are applicable beyond T2D, including acute lymphoblastic leukemia 
(ALL). 

Paper 1 
This study aimed to investigate parent-of-origin effects on metabolic traits related 
to type 2 diabetes risk across the life course in an Indian population, and to evaluate 
whether previously identified POE variants from European populations show 
similar effects. 

Paper 2 
This study aimed to characterize allelic expression imbalance in human pancreatic 
islets and investigate its relevance to type 2 diabetes pathogenesis, including the 
contribution of cis-regulatory variation, imprinted genes, and parent-of-origin 
effects to β-cell dysfunction and disease risk. 

Paper 3 
This study aimed to explore AEI in fetal pancreatic tissue in comparison with adult 
islets and to investigate genetic POE and its relevance to β-cell development and 
type 2 diabetes risk. 

Paper 4 
This study aimed to characterize the allelic expression imbalance landscape in high 
hyperdiploid acute lymphoblastic leukemia and investigate how copy number 
variations influence allele-specific gene expression in cancer. 
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Material and methods 

Study cohorts 
Type 2 diabetes (T2D) is a heterogeneous disorder that arises through interactions 
between inherited susceptibility and environmental exposures. To disentangle these 
contributing factors, large and well-phenotyped population cohorts have been 
established. Such cohorts constitute the empirical basis for genetic, epidemiological, 
and metabolic investigations aimed at understanding T2D and related 
cardiometabolic traits. 

The present thesis utilizes data from several family- and population-based cohorts, 
as well as tissue biobanks. These cohorts differ in terms of demographic 
composition, genetic background, geographical origin, and overall sample size, 
thereby providing complementary perspectives for studying disease mechanisms. 
The cohorts included are: 

 
Family cohorts: 

1. The Botnia cohort 

2. Hungarian Transdanubian biobank 

3. Pune Maternal Nutrition Study 

Unrelated and population-based cohorts: 
1. ANDIS 

2. PPP 

Tissue biobanks: 
1. HTL  

2. Fetal 

3. HeH ALL 
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Within each project included in this thesis, specific participant subsets were selected 
from these broader cohorts. The inclusion criteria varied according to the scientific 
question being addressed and the analytical strategy employed. A concise overview 
of the cohorts is provided below, while more detailed descriptions of cohort 
characteristics and study-specific selection procedures are presented in the 
corresponding project sections. 

Family cohorts 
The Botnia cohort 
The Botnia Study was initiated in 1990 with the aim of investigating non-insulin 
dependent diabetes mellitus. Recruitment initially targeted all individuals diagnosed 
with T2D attending five primary healthcare centers in the Botnia region of western 
Finland. Family members of these individuals were subsequently invited to 
participate, creating a family-based study design that enabled extended genetic and 
metabolic analyses (40). 

Over time, the cohort was expanded beyond the original recruitment area to include 
additional regions in Finland as well as southern Sweden. The study population is 
predominantly of European ancestry, with Finnish and Swedish individuals 
comprising most participants. 

Participants underwent detailed clinical and metabolic assessments, including 
biomarker measurements. In addition to diabetes-related variables, broader 
phenotypic and molecular data were collected to support investigations of metabolic 
dysfunction and genetic variation. Owing to its recruitment of individuals with T2D 
together with their relatives, the Botnia Study is regarded as a large family-based 
cohort. 

The Botnia dataset includes previously performed imputed genome-wide 
association data from 9,160 individuals organized in a family trio design, 
comprising 5,746 parents and 3,414 offspring. Genotyping was performed using the 
Illumina Global Screening Array (GSA-24v1), and imputation was carried out on 
the Michigan Imputation Server using the HRC reference panel (GRCh38). 

For the purposes of this thesis, a defined subset of participants from the Botnia 
cohort was selected and used for genetic investigations and association analyses 
across several included projects. 

All participants provided informed consent, and ethical approvals were obtained 
from the ethics committees of Helsinki University Central Hospital and Lund 
University. 
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Hungarian Transdanubian biobank 
The Hungarian Transdanubian Biobank (HTB) was initiated in 1992 at the 
Hungarian Heart Center in Balatonfüred. The biobank comprises clinical data and 
biological samples from individuals with type 2 diabetes and their family members. 
It includes more than 9,000 participants from the western region of Hungary, 
primarily organized as family trios. 

Genotyping data were previously generated for 9,194 individuals using the 
Sequenom MassARRAY iPLEX platform, including 4,592 parents and 4,602 
offspring. Among the genotyped individuals, 16.6 percent had a diagnosis of T2D 
according to the WHO 1998 criteria. 

All participants provided informed consent, and ethical approvals were obtained 
from the local ethics committees. 

Pune Maternal Nutrition Study 
The Pune Maternal Nutrition Study (PMNS) is a rural, community-based 
preconception birth cohort established in the early 1990s in six villages near Pune, 
India. The study was initiated to examine how maternal nutrition and physical 
activity influence fetal development and long-term metabolic risk including 
diabetes. The region was selected because of its agrarian economy, limited 
irrigation, and recurrent drought conditions that contributed to widespread 
undernutrition at the time of recruitment. Since then, the area has undergone 
substantial socioeconomic development and urbanization. 

Between 1993 and 1996, 2,466 married, non-pregnant women aged 15 to 40 years 
were enrolled prior to conception. Women who conceived a singleton pregnancy 
before 21 weeks of gestation were followed prospectively, together with their 
spouses and offspring. The cohort initially included mothers who experienced 
nutritional constraints during pregnancy, with longitudinal follow-up of their 
children. Over time, the study expanded to include subsequent generations, now 
comprising F0 mothers, their F1 offspring, and the F2 generation. Most participating 
families were Hindu, and the prevalence of gestational diabetes at recruitment was 
below 1 percent according to diagnostic criteria used at that time. 

Participants have undergone repeated clinical, anthropometric, metabolic, cognitive, 
and epigenetic assessments from birth through adulthood, with major follow ups at 
6, 12, 18, and 24 years. This multigenerational prospective design provides a unique 
opportunity to study developmental and life course influences on metabolic health. 

Genome wide genotyping of PMNS family trios were previously performed using 
Affymetrix SNP 6.0 arrays. Variants were excluded for more than 5 percent 
missingness, minor allele frequency below 1 percent, or deviation from Hardy 
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Weinberg equilibrium at p < 0.05. Additional quality control included call rate 
thresholds, allele consistency checks, and Mendelian error assessment. Imputation 
was performed using the TOPMed reference panel release 3 GRCh38 with Eagle 
v2.4 for phasing and Minimac4 for imputation, retaining variants with imputation 
scores above 0.4. The analyses in this thesis included 914 individuals at the 24 year 
follow up, comprising 425 parents and 489 offspring in a trio design. 

All participants provided informed consent, and ethical approvals were obtained 
from King Edward Memorial Hospital Research Centre Ethics Committee as well 
as village leadership authorities. 

Unrelated and population-based cohorts: 
ANDIS 
The All New Diabetics in Scania (ANDIS) project is an ongoing population-based 
cohort established in Scania County, southern Sweden. Individuals newly diagnosed 
with diabetes across the region are invited to participate through 194 regional 
healthcare centers within the first year after diagnosis. The initial phase of the study, 
ANDIS1, enrolled participants between January 1, 2008, and November 3, 2016, 
whereas the subsequent phase, ANDIS2, included individuals recruited from 
November 4, 2016, to April 6, 2022. Approximately 90% of the participants are of 
European ancestry. Participants were excluded if they were younger than 18 years 
at the time of diagnosis, had a history of pancreatitis, or lacked complete data for 
the clustering variables.  

Genotyping data from the ANDIS cohorts were generated using the Illumina 
Infinium CoreExome-24 v1.1 array (ANDIS1) and the Illumina Global Screening 
Array (GSA-MD v3.0) (ANDIS2). Quality control excluded samples with sex 
discrepancies, duplicate samples, and excessive relatedness. Prior to imputation, 
samples and variants failing quality control criteria were excluded based on 
missingness thresholds (>0.02), deviation from Hardy-Weinberg equilibrium (p < 
1×10⁻⁸), and low minor allele frequency (<0.001). Genotype imputation was 
performed using the TOPMed reference panel (GRCh38/hg38), and variants with 
imputation quality Rsq > 0.3 were retained for downstream analyses. 

The study was conducted in accordance with relevant ethical guidelines and 
regulations. Ethical approval for the ANDIS project was obtained from the Regional 
Ethics Review Committee in Lund (approval numbers 584/2006, 2011/354, 
2011/367, 2012/676, 2014/198, and 904/2017) as well as from the Swedish Ethical 
Review Authority (2021/04647 and 2023/08012). Written informed consent was 
obtained from all participants, and no financial compensation was provided. 



38 

PPP 
The Prevalence, Prediction and Prevention of Diabetes (PPP–Botnia) Study is a 
population-based cohort established in western Finland between 2004 and 2008 to 
examine the occurrence and determinants of T2D, impaired glucose regulation, and 
metabolic syndrome, with the broader aim of informing preventive strategies. 
Individuals aged 18 to 75 years were randomly recruited from the Finnish 
Population Registry, representing approximately 6–7% of the regional population, 
and 5,208 participants were included in the study (54.7% response rate). Written 
informed consent was obtained from all participants, and ethical approval was 
granted by the Ethics Committee of Helsinki University Hospital, Finland. 
Genotyping was carried out using the ThermoFisher (Affymetrix) Axiom FinnGen1 
array. Samples were subjected to quality control procedures excluding individuals 
with discordant sex information, non-Finnish ancestry, excessive heterozygosity 
(±4 SD), duplicate samples, or non-canonical chromosomes. Variants were filtered 
before imputation by excluding markers with sample missingness above 5%, variant 
missingness above 2%, or deviation from Hardy-Weinberg equilibrium (p < 1 × 
10⁻⁶). Genotype imputation was performed using the SISu v3 reference panel 
aligned to GRCh38/hg38, and poorly imputed variants (R² <0.4) were removed. In 
the current analysis, only participants without diabetes were included, resulting in a 
final cohort of 4,599 genotyped individuals. 

Tissue biobanks 
Human pancreatic islets (HTL) 
Pancreatic islets from 261 donors, including individuals with T2D (n = 44) and non-
diabetic controls (n = 217), were obtained through the EXODIAB network and the 
Nordic Network for Clinical Islet Transplantation. Ethical approval for all 
procedures was granted by the Lund University ethics committee. 

Total RNA, including miRNA, was extracted using miRNeasy or AllPrep 
DNA/RNA Mini Kits (QIAGEN) according to established protocols. RNA quality 
and integrity were evaluated using Agilent Bioanalyzer or TapeStation systems, 
while RNA concentration was measured using NanoDrop or Qubit instruments. 
RNA-seq libraries were generated from 1 μg of high-quality RNA using TruSeq 
library preparation kits and sequenced on Illumina HiSeq 2000 or NextSeq 500 
platforms. 
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Glucose treated islets (GTI) 
Pancreatic islets from 45 donors, including 31 normoglycemic and 14 
hyperglycemic individuals, were obtained through the EXODIAB network via the 
Nordic Network for Clinical Islet Transplantation (a subset of HTL). For each 
donor, 3,000 to 5,000 islets were divided into two aliquots and cultured for 24 hours 
at 37°C in CMRL 1066 medium (ICN Biomedicals) containing either 5.5 mmol/L 
or 18.9 mmol/L glucose. All donors had provided informed consent for organ 
donation for medical research, and the study was approved by the Ethics Committee 
at Lund University, Malmö, Sweden (permit no. 2011/263). 

Fetal tissue dataset 
Fetal tissue samples were obtained from terminated fetuses between 5 and 14 
gestational weeks, including pancreas (n = 16), kidney (n = 10), liver (n = 10), and 
skin (n = 6). All participating women provided informed consent, and the study was 
approved by the Regional Ethics Committee in Lund (Dnr 2019/593, 2015/241, and 
2018-579). 

RNA was extracted using TRIzol and RNeasy protocols, and RNA quality was 
assessed using the Agilent 2200 TapeStation system. RNA libraries were prepared 
using the TruSeq RNA Library Preparation Kit (Illumina), followed by paired-end 
sequencing (101 bp) on Illumina HiSeq 2000 or NextSeq 550 platforms. 

RNA-seq data were processed using the GTEx V8 expression quantification 
pipeline. Reads were aligned to the human reference genome GRCh38/hg38 with 
Gencode v26 annotation using STAR v2.5.3a, and gene expression quantification 
was performed using RSEM and RNASeQC. Batch correction was performed using 
ComBat-seq. 

Australian dataset 
RNA sequencing of human pancreatic islets (N = 66; 1 T2D) was performed on the 
Illumina HiSeq 4000 platform using 150 bp paired-end sequencing. The dataset, 
generated by our collaborators Anandwardhan A. Hardikar and Wilson K. M. Wong 
from the Diabetes and Islet Biology Group, School of Medicine, Western Sydney 
University, Australia, was publicly available and retrieved from the NCBI Gene 
Expression Omnibus (GEO) under accession number GSE152111. Samples S150 
and S418 originated from the same individual; therefore, only S418, which had 
slightly higher sequencing coverage, was retained for downstream analyses, 
resulting in a final dataset of 65 samples. 
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HeH ALL dataset 
Copy number calling data for cancer cell lines were obtained from the Cancer Cell 
Line Encyclopedia (CCLE; https://sites.broadinstitute.org/ccle/). This work was 
supported by grants from the Swedish Childhood Cancer Fund (PR2020-0033 and 
TJ2020-0024) and the Crafoord Foundation (20230778 and 20240747). 

This study was based exclusively on publicly available datasets. Next-generation 
sequencing data for 18 extensively characterized cancer cell lines from the CCLE 
were retrieved from the NCBI Sequence Read Archive (SRA; 
https://www.ncbi.nlm.nih.gov/sra) under accession number SRP186687. Whole-
genome sequencing (WGS) data for the HepG2 cell line were accessed through 
ENCODE (https://www.encodeproject.org/) under accession number 
ENCBS760ISV. HepG2 RNA-sequencing data were obtained from ENCODE under 
accession number ENCLB707CLT and from the NCBI SRA under accession 
numbers SRR8616129 and SRR629573. WGS and RNA-seq data for the 12 high 
hyperdiploid acute lymphoblastic leukemia (HeH ALL) samples included in this 
study were downloaded from the European Genome-phenome Archive (EGA; 
https://ega-archive.org/) under accession numbers EGAD00001008988 and 
EGAD00001002112, respectively. All analysis scripts and code are publicly 
available on GitHub (https://github.com/biomedswe/BASE). 

Definition of Diabetes in study cohorts 

World Health Organization (WHO) 
“A chronic, metabolic disease characterized by elevated levels of blood glucose (or 
blood sugar).” 

Extended inhouse T2D definition in HTL dataset 
T2D status was defined based on either a clinical diagnosis (n = 40) or HbA1c levels 
above 6.5% (n = 4). 

Calculation of β-cell function indices 
HOMA2 
The updated Homeostatic Model Assessment (HOMA2) model was used to estimate 
β-cell function (HOMA2-β). This index was calculated using the HOMA2 
calculator (Diabetes Trials Unit, University of Oxford, UK), which accounts for 
nonlinear relationships between glucose and insulin and incorporates variations in 
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hepatic and peripheral glucose resistance (31, 94). Fasting plasma glucose and 
fasting serum insulin were used as inputs. 

CIR 
Early-phase insulin secretion was assessed using the Corrected Insulin Response 
(CIR), calculated from glucose and insulin concentrations measured 30 minutes 
after oral glucose ingestion during the OGTT according to the following formula: 

 

CIR = 100 × 𝐼ଷ଴𝐺ଷ଴ × (𝐺ଷ଴ − 3.89) 
 

where 𝐼ଷ଴ and 𝐺ଷ଴ represent plasma insulin (µU/mL) and glucose (mmol/L), 
respectively (33). 

POE genetic analysis 
In family cohorts 
Parent-of-origin effects (POEs) were investigated using genotyped family trios from 
the Botnia, PMNS and HTB cohorts. Genotype data for candidate variants were 
extracted from the full dataset using PLINK (v.2.0), and the parental origin of alleles 
in the offspring was determined through phasing based on parental genotypes using 
a custom in-house script. This enabled assignment of maternally and paternally 
inherited alleles for each variant. 

Statistical analyses were performed to evaluate POEs by comparing the phenotypic 
effects of maternally versus paternally inherited alleles. Generalized estimating 
equations (GEE), as implemented in the geepack R package, were used to account 
for familial correlations. The appropriate distribution family was specified 
depending on the trait, using a Gaussian model for continuous outcomes and a 
binomial model for binary outcomes. An independence correlation structure was 
applied for unrelated individuals, whereas an exchangeable correlation structure 
was used for related individuals. Analyses were conducted by modeling the effects 
of the reference (allele 1) and alternative (allele 2) alleles inherited from each parent. 

Several complementary models were applied to disentangle parental effects.  

Maternal and paternal effects were assessed by comparing genotype groups while 
holding the allele inherited from the other parent constant (Figure 6). Specifically,  
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Figure 6. Schematic overview of parent-of-origin effect (POE) analyses in family-based cohorts. 
Maternal and paternal effects were assessed by comparing offspring genotypes while holding the allele 
from the other parent constant (Refₘ vs Altₘ with paternal Ref fixed; Refₚ vs Altₚ with maternal Ref fixed). 
Parent-of-origin effects were evaluated by comparing reciprocal heterozygotes (RefₘAltₚ vs AltₘRefₚ). 
Red indicates maternally inherited alleles and blue indicates paternally inherited alleles. 
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maternal effects were evaluated by comparing offspring carrying different maternal 
alleles under fixed paternal background, and vice versa for paternal effects.  

In addition, POEs were assessed by comparing reciprocal heterozygotes, allowing 
direct evaluation of differential effects depending on whether the alternative allele 
was inherited from the mother or the father (Figure 6). 

All models were adjusted for relevant covariates: age, age squared, and sex. For 
specific variants with known associations with additional traits, such as GLP1R 
(rs6923761), BMI was included as an additional covariate. Statistical significance 
was defined at a threshold of nominal p < 0.05.  

In unrelated individuals 
Parent-of-origin effects in unrelated individuals were assessed using Quicktest, a 
statistical framework designed to detect such effects without requiring family-based 
data (95). The method exploits differences in phenotypic variance between genotype 
groups, specifically testing whether heterozygous individuals exhibit increased 
variance compared to homozygous groups, which can indicate parent-of-origin 
effects (Figure 7). 

Quicktest was applied to replicate candidate loci identified in the primary analyses 
in independent datasets. This approach complements family-based methods by 
enabling detection of parent-of-origin signals in population-based cohorts. 
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Figure 7. Simplified illustration of how parent-of-origin effects can be detected in unrelated 
individuals using variance differences.  
Parent-of-origin effects are illustrated for a scenario in which maternal and paternal inheritance of the 
same allele produce effects of equal magnitude but opposite direction. When parental origin is known 
(top panel), the two heterozygous parent-of-origin classes have different phenotypic means, while the 
homozygous groups have the same mean. When parental origin is unknown (bottom panel), as is 
typically the case in population-based cohorts, the two heterozygous classes are combined into a single 
observed heterozygous group. Although the average phenotype remains unchanged, the mixture of 
subpopulations results in increased phenotypic variance among heterozygotes relative to homozygotes. 
Quicktest exploits this variance difference to identify candidate parent-of-origin effects in unrelated 
individuals. The figure is a simplified conceptual illustration and is not intended to represent exact 
statistical distributions. 

Transcriptomic profiling 
RNA sequencing and variant calling 
RNA-seq data were processed using an in-house, automated and reproducible 
Nextflow pipeline with containerized software environments (96). Raw sequencing 
reads underwent quality control, adapter trimming, and filtering to remove low-
quality bases and rRNA contamination. Cleaned paired-end reads were then aligned 
to the human reference genome (GRCh38) using STAR in two-pass mode. 
Post-alignment processing followed GATK best practices (97), including duplicate 
removal, handling of spliced reads, and base quality score recalibration. Genetic 
variants were identified using GATK HaplotypeCaller and filtered to retain high-
quality biallelic SNPs. 
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To minimize reference mapping bias in allele-specific analyses, reads overlapping 
known polymorphisms were processed using the WASP pipeline (98), which 
remaps reads and retains only those that align consistently. Finally, allele-specific 
read counts at heterozygous SNPs were quantified using GATK ASEReadCounter. 

Gene expression quantification 
Gene-level expression was quantified from WASP-processed and deduplicated 
alignments using featureCounts (99). Library strandedness was assessed to ensure 
appropriate counting settings. Expression values were normalized to counts per 
million (CPM) using edgeR package in R following standard protocol (100), and 
lowly expressed genes were filtered out by requiring CPM ≥ 1 in at least 80% of 
samples, retaining robustly expressed genes for downstream analyses. 

Allele-specific expression analysis 
In human pancreatic islets to investigate T2D pathogenesis 
To assess allelic expression imbalance, allele-specific expression (ASE) was 
quantified using a pipeline combining allele-specific read counting with gene-level 
statistical inference. As mentioned above, allele-specific read counts at 
heterozygous transcribed SNPs were obtained using GATK ASEReadCounter (97), 
generating per-variant reference and alternative allele counts, which were 
subsequently aggregated into gene-level count tables. 

ASE was analyzed using the ASEP framework, an R-based method for detecting 
gene-level allelic expression imbalance from RNA-seq data (59, 101). As the 
original ASEP package is no longer actively maintained and is incompatible with 
recent R versions, a modified implementation was used (102). Input count data were 
reformatted according to ASEP requirements, and gene coordinates (hg38) were 
retrieved from Ensembl. ASE was assessed both across all samples and within 
specific conditions, including stratification by disease status and comparisons 
between experimental treatments. 

ASEP applies a mixture model with resampling-based inference to detect consistent 
allelic imbalance across individuals while accounting for heterogeneity in effect size 
and direction. An initial genome-wide analysis was performed using 1,000 
resampling iterations. Genes showing nominal evidence of imbalance (p < 0.1) were 
subsequently reanalyzed using 100,000 iterations to obtain more stable and precise 
p-value estimates. 
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To ensure robust ASE detection, stringent filtering criteria were applied prior to 
analysis. Specifically: 

• Genes were required to meet a minimum expression threshold (CPM ≥ 1 in 
at least 80% of samples)  

• Only heterozygous transcribed SNPs were included  

• Genes were required to have heterozygous SNPs present in more than three 
individuals  

• A minimum read depth of >20 reads per SNP was required  

• Minor allele count (MAC) >5  

• Minor allele frequency (MAF) ≥5%  

These criteria, based on established recommendations, reduce technical noise and 
increase confidence in ASE estimates (59). 

In cancer pathogenesis 
Allele-specific expression (ASE) was assessed using the in-house made BASE 
pipeline, which integrates matched whole-genome sequencing (WGS) and RNA-
seq data (103). WGS data were used to identify high-confidence heterozygous 
variants and to estimate allele-specific copy number states, while RNA-seq data 
were processed to obtain allele-specific read counts at expressed variants following 
bias correction. 

ASE was quantified by comparing reference and alternative allele counts at 
heterozygous sites, which were aggregated at the gene level. Statistical testing was 
performed to determine whether observed allelic ratios deviated from expected 
expression under two models: balanced biallelic expression and expression 
consistent with underlying copy number variation. This allowed discrimination 
between ASE driven by regulatory effects and ASE resulting from gene dosage 
changes. 

Stringent filtering criteria were applied to ensure reliable ASE detection, including 
minimum read depth and expression thresholds. Genes were classified as exhibiting 
ASE based on deviation from expected allelic ratios, while accounting for copy 
number states and multiple testing. 
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Comparison of AEI accounting for unequal gene sets 
Differences in the proportion of genes exhibiting allelic expression imbalance 
between T2D and non-T2D groups were assessed while accounting for unequal gene 
set sizes, both genome-wide and within imprinted genes. Statistical comparisons 
were performed using bootstrap resampling and contingency table-based methods, 
including chi-square and Fisher’s exact tests. Effect sizes were summarized as odds 
ratios with corresponding confidence intervals. 

SNP association with islet phenotypes 
Associations between the GLP1R variant rs6923761 and islet phenotypes were 
evaluated using robust linear regression models to account for heteroscedasticity. 
Models were adjusted for relevant covariates, including demographic and islet-
specific factors, with additional adjustment for BMI where appropriate. 

Single cell RNA sequencing 

Single cell RNA Sequencing of fetal pancreas 

ScRNAseq of 3 fetal pancreata was performed as described previously (23). Briefly, 
single-cell libraries were generated using Chromium Single Cell 3′ Chemistry v3 
(10x Genomics) according to the manufacturer’s instructions. The libraries were 
sequenced on an Illumina NextSeq 500 instrument using 400 million reads flow 
cells, with the recommended read configuration of 42 bp paired-end sequencing. 

Clustering of cell types 
Clustering of cell types was made in Lopue browser 6.3.0. using 2 different datasets 
that had the best quality (gestational age: 8 weeks). Genes that were present in at 
least 3 cells were included. T-sne plots were then generated by filtering expression 
on RTL1 using the built-in function “Gene/Feature expression”. “Feature max” was 
selected and expression was presented as Log2. 
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Correlation with developmental markers 
Single-cell RNA-seq data from human fetal pancreas samples were analysed in R 
4.4.1 using Seurat 5.2.1. Filtered 10x Genomics feature-barcode matrices were 
imported, and Seurat objects were generated for each sample. Low-quality cells 
were removed based on RNA count, detected feature number, and mitochondrial 
transcript ratio thresholds. The filtered data were then log-normalized, and count 
matrices were extracted for downstream analysis. 

Spearman rank correlation analysis was performed between predefined gene sets, 
including genes of interest, developmental markers, and imprinted genes. For each 
query gene, correlations were calculated only in cells with non-zero expression of 
that gene. Genes expressed in fewer than three cells or with zero variance were 
excluded. P-values were adjusted using the false discovery rate method. Correlation 
coefficients were visualized as heatmaps using ggplot2. 
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Papers in summary 

Paper 1 
Parent-of-origin effects in the life-course evolution of 
cardiometabolic traits 
Introduction & Aim 
POEs, wherein the effect of a genetic variant depends on whether it is inherited from 
the mother or the father, may contribute to the heritability of metabolic traits and 
T2D risk. POEs can arise through epigenetic mechanisms such as genomic 
imprinting, where only one parental allele is expressed while the other is silenced, 
or through parental expression bias, where one allele is preferentially expressed over 
the other. These mechanisms can influence gene regulation and, consequently, 
disease susceptibility. 

Most studies of POEs have focused on adult populations of European ancestry; 
however, it remains unclear to what extent these patterns are established during 
early development, as well as in other diverse populations. Therefore, this study 
aimed to identify POEs on metabolic traits relevant to T2D risk in an Indian 
population, with particular emphasis on how these effects may vary across the life 
course. In addition, we aimed to investigate whether previously reported POE 
variants identified in European populations exhibit similar effects in this population. 

Results 
The study identified significant POEs on key glucose- and insulin-related traits, as 
well as lipid levels and anthropometric measures across developmental stages, 
demonstrating that these effects are both trait-specific and dynamic over time. 
Consistent with findings from European populations, lipid traits predominantly 
exhibited maternal effects. For fasting insulin and insulin sensitivity (HOMA2S), 
maternal effects were observed in early childhood (6 years) and were associated 
with reduced insulin sensitivity, but these effects changed direction during 
adolescence (12 years), indicating age-dependent modulation of insulin resistance. 
In contrast, insulin secretion (HOMA2B) exhibited a distinct pattern, with stronger 
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paternal effects in early life (6 years) that transitioned to maternal influences during 
later developmental stages and into early adulthood. 

Overall, longitudinal analyses using mixed-effects models showed that paternal 
contributions were more prominent for insulin-related traits, including fasting 
insulin and HOMA indices, whereas maternal effects were more evident for 
glycemic and lipid traits, reflecting the cumulative effects across time. This suggests 
differential parental regulation of components of glucose homeostasis, with 
potential implications for disease development.  

Importantly, genetic analyses revealed POEs at established T2D susceptibility loci, 
including KCNQ1, where associations were observed for insulin secretion, 
supporting a role for parent-specific genetic regulation of β-cell function. Notably, 
while the underlying genetic variants remained constant, the direction and 
magnitude of their effects changed across developmental stages, suggesting that 
these relationships may be mediated by epigenetic mechanisms. In addition, POEs 
were observed for birthweight and lipid traits, further supporting a broader influence 
of POEs on metabolic phenotypes. 

Together, these findings indicate that POEs contribute to variation in insulin 
secretion and insulin sensitivity, both of which are central to the pathophysiology 
of T2D. The observed temporal shifts in parental effects further suggest that these 
mechanisms are developmentally regulated, highlighting the importance of 
considering both parental origin and life course stage when investigating genetic 
influences on T2D risk. Collectively, the genetic and phenotypic evidence supports 
a role for POEs and epigenetic regulation in shaping metabolic traits across the life 
course. 

Paper 2 
Allelic expression imbalance in pancreatic islets indicate 
parent-of-origin effects on type 2 diabetes risk 
Introduction & Aim 
T2D is a complex metabolic disorder influenced by both genetic and environmental 
factors, with impaired insulin secretion and action as central features. Although 
GWAS have identified numerous variants associated with T2D, these explain only 
part of the heritability and provide limited insight into the regulatory mechanisms 
linking genetic variation to β-cell dysfunction. 

Integrative approaches combining genetic and transcriptomic data can help address 
this gap. AEI, which reflects unequal expression of the two alleles within an 
individual, can reveal cis-regulatory effects and provides a functional link between 
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genetic variation and gene expression. AEI may arise through several mechanisms, 
including cis-regulatory variants and epigenetic processes such as imprinting or 
parental expression bias, which can underlie POEs. 

Therefore, this study aimed to characterize AEI in human pancreatic islets and 
assess its relevance to T2D. Specifically, we aimed to distinguish genes potentially 
involved in disease pathogenesis from those reflecting secondary effects of 
hyperglycemia, to evaluate whether AEI signals are driven by underlying genetic 
variation, and to investigate POEs using imprinted genes and genetic analyses in 
family-based as well as in unrelated population-based cohorts. 

Results 

AEI in chronic, acute and normoglycemic states 
AEI was assessed in human pancreatic islets using bulk RNA sequencing data from 
326 organ donors, including 45 individuals with T2D and 281 diabetes-free controls. 
Of the 19,273 expressed genes in all samples together, 12,854 passed quality 
control, of which 3,956 (30.8%) exhibited significant AEI (FDR < 0.05). 

Stratified analysis of T2D and non-T2D donors separately showed that AEI was 
more prevalent in T2D islets (36.0%) than in non-T2D islets (27.1%), indicating 
increased allele-specific regulatory effects in the diabetic state. Classification of 
AEI patterns identified 1,844 genes with AEI exclusively in T2D, consistent with a 
gain of AEI, and 1,101 genes with AEI only in non-T2D, indicating a loss of AEI 
in T2D. A smaller subset showed opposing allelic effects between groups, while 
1,800 genes exhibited consistent AEI across all analyses, reflecting stable allele-
specific regulation in pancreatic islets. 

Identification of potentially causal genes 
To distinguish genes potentially involved in T2D pathogenesis from those reflecting 
secondary effects of hyperglycemia, AEI patterns in chronic T2D were compared 
with those under acute glucose exposure. Excluding genes with shared or non-
specific AEI patterns yielded 2,945 genes with T2D-specific AEI. After removing 
genes responsive to acute glucose, 2,919 genes remained as potential causal 
candidates. 

Several of these overlapped with previously reported candidate genes, differentially 
expressed genes in T2D islets, and β-cell-expressed genes. Functional follow-up 
showed that ABCC8 knockdown reduced glucose-stimulated insulin secretion, 
whereas CORO2B had minimal effects. Integration with GWAS and eQTL data 
further identified overlap with established T2D loci, including ADCY5, SIX3, and 
GLP1R. 
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GLP1R links T2D, DEGs, POE and treatment response 
GLP1R was prioritized based on its role in insulin secretion, its identification as a 
T2D GWAS locus, and the presence of AEI specifically in T2D islets. It has also 
been reported as differentially expressed in T2D and supported by functional 
knockout data. 

The missense variant rs6923761 was associated with insulin content in pancreatic 
islets, supporting its functional relevance. Given the presence of AEI at this locus, 
POE was assessed in genetic analyses. Across population-based and family-based 
cohorts, rs6923761 showed parent-specific effects on β-cell function, with the 
maternally inherited A allele associated with increased HOMA2-B and reduced 
T2D risk. 

In addition, analyses in individuals with newly diagnosed diabetes suggested an 
effect on response to GLP-1 receptor agonist therapy, with parental inheritance 
modifying the association with BMI. Together, these findings link GLP1R to T2D 
through combined evidence from AEI, differential expression, and genetic analyses, 
highlighting a POE mechanism with potential therapeutic relevance. 

Imprinted genes 
To place these findings in a broader regulatory context, AEI was examined in known 
and predicted imprinted genes, which exhibit parent-specific expression. Of 275 
imprinted genes, 179 were expressed in pancreatic islets, of which 102 passed 
quality control and 38 showed significant AEI, indicating modest enrichment 
compared to non-imprinted genes.  

Comparison between T2D and non-T2D islets identified imprinted genes with 
altered AEI patterns, including genes showing gain or loss of AEI in T2D. These 
changes were not observed under acute hyperglycemic conditions, suggesting 
relevance to disease mechanisms. Several genes, including GLIS3 and TSHZ3, are 
located at established T2D loci. However, no enrichment of AEI among imprinted 
genes was observed when comparing T2D and non-T2D islets. This indicates that 
imprinting-related AEI is largely conserved between T2D and non-T2D islets, with 
no evidence of global dysregulation in T2D. 

Other imprinted genes, such as RHOBTB3 and GRB10, showed consistent AEI 
across conditions, indicating stable parent-specific expression. Functional follow-
up of RHOBTB3 did not affect insulin secretion, suggesting effects not mediated 
through gene expression levels. Genetic analyses identified multiple variants in 
TSHZ3 and GLIS3 with POE on β-cell function and T2D-related traits, with 
replication across cohorts. Variants in RHOBTB3 also showed POE on β-cell 
function. 
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Together, these findings support a role for imprinted genes in mediating AEI and 
contributing to POE on β-cell function and T2D risk. 

Paper 3  
Imprinted genes in beta cell development and T2D risk 

Introduction & Aim 
Both maternal and paternal genomes are required for normal embryonic 
development, reflecting functional differences between parental alleles that can 
arise through genomic imprinting and other POEs. Imprinted genes exhibit parent-
specific expression, where one parental allele is preferentially or exclusively 
expressed, and several imprinted loci, including IGF2, H19, KCNQ1, and KLF14, 
have been implicated in growth regulation, β-cell development, insulin secretion, 
and diabetes susceptibility. Although more than 150 imprinted genes have been 
identified in humans and mice, many remain incompletely characterized, 
particularly in the context of pancreatic development and β-cell biology. Since 
pancreatic β-cell dysfunction is central to the pathogenesis of diabetes, 
understanding how imprinted genes and allele-specific regulation contribute to β-
cell development and function may provide important insight into disease 
susceptibility and progression. 

Therefore, this study aimed to investigate the role of imprinted genes and AEI 
during pancreatic development by comparing fetal and adult pancreatic tissues and 
assessing their contribution to β-cell function and type 2 diabetes risk. We 
hypothesized that genes expressed specifically in fetal pancreas are more likely to 
be involved in islet development, whereas genes expressed in both fetal pancreas 
and adult islets may contribute to both developmental processes and mature islet 
function. To address this, RNA sequencing and genotype data from fetal pancreas, 
adult pancreas, human pancreatic islets, and islet cell types were integrated to 
characterize developmental AEI patterns and evaluate POEs in genetic analyses. 

Results 
Expression profiling identified widespread activity of imprinted genes during fetal 
pancreatic development, with 173 known or predicted imprinted genes expressed in 
fetal pancreas tissue. Several established developmental regulators, including IGF2, 
H19, MEG3, MEST, and GNAS, were among the most highly expressed genes. 
Comparison of fetal and adult pancreas identified 75 imprinted genes with fetal-
specific and/or fetal-enriched expression, suggesting potential roles in pancreatic 
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development and β-cell maturation. Several of these genes also remained expressed 
in adult human pancreatic islets, indicating continued relevance for islet function. 

Single-cell analyses of embryonic pancreas further demonstrated that a large 
proportion of imprinted genes were expressed across pancreatic cell populations 
during development. RTL1 showed particularly strong and widespread expression, 
and correlation analyses revealed associations between imprinted genes and key 
developmental regulators. RTL1 expression positively correlated with 
developmental markers including NANOG and MAFB, whereas NNAT showed 
negative correlations with endocrine lineage markers such as FOXA2, NKX6-1, 
PDX1, and SOX9, supporting stage-specific roles for imprinted genes during 
pancreatic differentiation. 

Further analyses identified subsets of imprinted genes potentially involved in either 
β-cell development alone or both β-cell development and mature β-cell function. 
Fourteen genes showed fetal pancreas-specific expression without detectable 
expression in adult islets, suggesting developmental roles. Among these, RTL1 and 
WT1-AS exhibited significant AEI in fetal pancreas (p < 0.05), and RTL1 variants 
were associated with HOMA-B in the Botnia cohort. Moreover, the same RTL1 loci 
showed nominal associations with corrected insulin response (CIR) in the Botnia 
cohort, while an additional nominal association was identified for one WT1-AS 
locus. RTL1 expression also strongly correlated with DLK1, and both genes 
displayed coordinated expression during stem cell differentiation toward β-cells, 
supporting a role in endocrine development. 

Additional genes, including MEG3, PHACTR2 and SFMBT2, exhibited AEI in 
fetal pancreas and/or adult islets, suggesting temporally regulated imprinting or 
allele-specific regulation. Variants in several of these genes showed associations 
with insulin secretion traits and parent-of-origin effects on HOMA-B across family-
based and population-based cohorts. Notably, PHACTR2 variants demonstrated 
significant parent-of-origin associations with HOMA-B, although functional 
knockdown of PHACTR2 in EndoC-βH1 cells did not alter glucose-stimulated 
insulin secretion. 

Finally, parent-of-origin analyses of imprinted genes displaying altered AEI 
between T2D and non-T2D islets identified multiple variants associated with T2D 
risk and β-cell function across independent cohorts. Replicated associations were 
observed for variants in genes including CTNNA3, NTM, SIM2, RTL1, DLK1, and 
KLF14, supporting a broader contribution of imprinted genes and parent-specific 
regulation to β-cell biology and T2D susceptibility. 
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Paper 4 
Characterizing the allele-specific gene expression 
landscape in high hyperdiploid acute lymphoblastic 
leukemia with BASE 
Introduction & Aim 
ALL is the most common childhood cancer and is characterized by extensive 
chromosomal abnormalities that alter gene dosage and transcriptional regulation. 
High hyperdiploid ALL (HeH ALL), a major subtype of childhood ALL, is defined 
by recurrent chromosomal gains that are thought to arise early during 
leukemogenesis and contribute to disease development through altered gene 
expression. AEI, reflecting unequal expression of the two alleles of a gene, can arise 
from CNV, cis-regulatory effects, or epigenetic mechanisms, and provides a 
framework for investigating the functional consequences of genomic alterations in 
cancer. However, the impact of chromosomal CNVs on allele-specific gene 
expression in HeH ALL remains incompletely understood. Therefore, this study 
aimed to characterize the AEI landscape in high hyperdiploid ALL and investigate 
how CNVs contribute to allele-specific transcriptional regulation in leukemia. 

Results 
Genome-wide analyses revealed widespread AEI in high hyperdiploid ALL, 
demonstrating that chromosomal gains substantially influence allele-specific gene 
expression. Many genes located on gained chromosomes exhibited expression bias 
toward the duplicated allele, consistent with gene dosage effects contributing to 
transcriptional dysregulation in leukemic cells. However, AEI patterns could not be 
fully explained by copy number status alone, indicating that additional cis-
regulatory mechanisms also contribute to allele-specific transcription. 

Integration of ASE and copy number data identified recurrent AEI across multiple 
chromosomal regions characteristic of HeH ALL. Several genes with strong allelic 
imbalance were implicated in pathways related to proliferation, transcriptional 
regulation, and leukemogenesis, supporting a functional role for AEI in disease 
biology. 

The study further demonstrated that ASE-based analyses can detect regulatory 
effects that are not apparent from total gene expression analyses alone. In several 
cases, genes displayed pronounced allelic imbalance despite relatively modest 
changes in overall expression, highlighting the sensitivity of AEI approaches for 
identifying functional regulatory perturbations in cancer. 



56 

Together, these findings demonstrate that HeH ALL exhibits extensive AEI largely 
driven by chromosomal copy number alterations, while also revealing additional 
allele-specific regulatory effects that may contribute to leukemogenesis and disease 
progression. The study further supports ASE analysis as a valuable framework for 
understanding the functional consequences of genomic alterations in cancer. 
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Discussion 

Complex traits such as T2D are shaped by interactions between genetic, epigenetic, 
developmental, and environmental factors. Classical genetic studies, including 
GWAS, have provided important insight into loci and variants associated with 
disease risk. However, these approaches often treat inherited alleles as equivalent, 
regardless of whether they are inherited from the mother or the father. This thesis 
expands beyond this classical framework by using advanced genetic approaches to 
investigate how AEI and POEs contribute to metabolic trait variation, β-cell 
function, and disease susceptibility. Together, the included studies show that genetic 
effects are not always static or purely additive, but may depend on parental origin, 
tissue context, developmental stage, and disease state. 

A central concept in this thesis is that maternal and paternal genomes can have 
distinct biological effects. This is most clearly demonstrated by genomic imprinting, 
where one parental allele is selectively silenced, but POEs may also arise through 
more subtle parental expression biases or other allele-specific regulatory 
mechanisms. Since epigenetic marks such as DNA methylation can differ depending 
on parental inheritance, these mechanisms provide a link between inherited genetic 
variation, parental contribution, and environmental influences. In this way, POEs 
represent an additional regulatory layer through which genetic variation may 
influence complex traits and metabolic disease risk. 

Paper 1 demonstrated that POEs contribute to variation in cardiometabolic traits 
across the life course. Importantly, these effects were not uniform across traits or 
ages. Lipid traits showed robust maternal effects, consistent with findings from 
European populations, whereas insulin-related traits displayed more dynamic 
patterns. For fasting insulin and insulin sensitivity, maternal effects were observed 
in early childhood but changed direction during adolescence. In contrast, insulin 
secretion showed stronger paternal effects in early life, which later shifted toward 
maternal influences. These findings suggest that POEs are not fixed but may be 
developmentally regulated and modified across different stages of life. 

The observation that POEs were detected already in childhood is particularly 
important, as it suggests that these mechanisms are established early and may 
contribute to long-term metabolic susceptibility. The replication of previously 
reported POEs in an Indian population further strengthens the evidence that these 
mechanisms are not restricted to European ancestry populations. Rather, they may 
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reflect broader biological principles involved in the regulation of metabolic traits. 
At the same time, differences in the magnitude and timing of effects across 
populations and developmental stages highlight the importance of studying diverse 
cohorts and longitudinal data when investigating genetic contributions to complex 
disease. 

These findings also suggest that POEs can be used as a strategy to identify genes 
involved in metabolic regulation. If the phenotypic effect of a genetic variant 
depends on whether it is inherited maternally or paternally, this may point toward 
regulatory mechanisms such as imprinting, parental expression bias, or allele-
specific gene dosage effects. This provided a rationale for the analyses in Paper 2, 
where allelic expression imbalance was used to identify genes and regulatory 
mechanisms relevant to T2D in human pancreatic islets. 

Paper 2 showed that AEI is widespread in human pancreatic islets and more 
prevalent in islets from individuals with T2D than in non-diabetic donors. This 
suggests that allele-specific regulatory control may be altered in the diabetic state. 
By comparing AEI patterns in chronic T2D with those observed under acute glucose 
exposure, the study aimed to distinguish genes potentially involved in disease 
pathogenesis from genes reflecting secondary effects of hyperglycemia. This 
approach identified a set of candidate genes with T2D-specific AEI, several of 
which overlapped with known T2D loci, differentially expressed genes, and β-cell-
expressed genes. 

A key strength of ASE analysis is that it compares the expression of two alleles 
within the same cellular environment. Since both alleles are exposed to the same 
trans-acting regulatory factors, differences in expression are more likely to reflect 
cis-regulatory variation, gene dosage effects, or parent-specific regulatory 
mechanisms. Thus, AEI provides a functional link between genetic variation and 
gene expression that is not captured by classical association studies alone. In this 
thesis, AEI was therefore used not only as a descriptive measure of allele-specific 
transcription, but also as a tool to prioritize genes with potential relevance to β-cell 
dysfunction and T2D risk. 

One of the most notable findings in Paper 2 was the identification of GLP1R as a 
candidate gene linking AEI, differential expression, genetic association, β-cell 
function, and treatment response. GLP1R is biologically relevant because of its role 
in insulin secretion and as the target of GLP-1 receptor agonist therapy. The finding 
that a GLP1R variant showed POEs on β-cell function and T2D risk suggests that 
parent-of-origin mechanisms may influence not only disease susceptibility, but 
potentially also therapeutic response. Although these translational implications 
remain exploratory, they raise the possibility that allele-specific and parent-specific 
regulation could eventually contribute to more individualized treatment strategies 
in a foreseeable future. 
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Paper 2 also investigated imprinted genes as a biologically relevant subset of genes 
with potential parent-specific regulation. Imprinted genes showed evidence of AEI 
in pancreatic islets, and several displayed altered AEI patterns in T2D. However, 
there was no evidence for global dysregulation of imprinting-related AEI in T2D 
islets. This suggests that imprinting-related regulation is largely conserved between 
diabetic and non-diabetic islets, but that specific imprinted genes may still 
contribute to disease-relevant mechanisms. Genetic analyses further supported 
POEs at several loci, including genes implicated in β-cell function and T2D-related 
traits. 

Paper 3 extended these findings into fetal development, addressing whether 
imprinted genes and allele-specific regulation may contribute to pancreatic 
development, β-cell mass and subsequently early programming of β-cell function. 
This is important because imprinting is strongly linked to embryonic and fetal 
growth, and many imprinted genes have established roles in development. The study 
showed that a large number of known or predicted imprinted genes are expressed in 
fetal pancreas, including well-established developmental regulators such as IGF2, 
H19, MEG3, MEST, and GNAS. Comparison with adult pancreas identified 
imprinted genes with fetal-specific or fetal-enriched expression, suggesting that 
these genes may have developmental roles in the pancreas. 

The fetal analyses are particularly relevant in the context of diabetes because β-cell 
mass and β-cell function are shaped during development. If POEs influence β-cell 
development, they may contribute to differences in insulin secretion capacity later 
in life. This is consistent with the broader concept that metabolic disease risk can be 
programmed early in development. Insulin itself is not only a metabolic hormone, 
but also an important growth factor during fetal life. Therefore, parent-specific 
regulation of genes involved in β-cell development or insulin-related pathways 
could have consequences for both fetal growth and later metabolic health. 

Single-cell analyses in Paper 3 provided additional support for a developmental role 
of imprinted genes. Several imprinted genes were expressed in embryonic 
pancreatic cell populations and correlated with markers of pancreatic development. 
RTL1 showed particularly strong expression in embryonic pancreas and correlated 
with developmental markers, while NNAT showed negative correlations with 
several endocrine lineage markers. These findings suggest that imprinted genes may 
be active at specific stages of pancreatic differentiation and may contribute to the 
regulation of endocrine lineage development. 

Further analyses identified genes with fetal pancreas-specific expression and ASE, 
including RTL1 and WT1-AS. RTL1 variants were associated with HOMA-B in the 
Botnia cohort, with nominal associations also observed for corrected insulin 
response. RTL1 expression correlated with DLK1, and both genes showed 
coordinated expression during differentiation from induced pluripotent stem cells 
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toward β-cells. Together, these findings support a potential role for RTL1 and 
related imprinted loci in pancreatic endocrine development and β-cell formation. 

Paper 3 also identified imprinted genes that may be relevant to both β-cell 
development and mature β-cell function. Genes such as MEG3, PHACTR2 and 
SFMBT2 showed allele-specific expression in fetal pancreas and/or adult islets. 
Several variants in these genes were associated with insulin secretion traits, and 
parent-of-origin analyses identified signals for HOMA-B across family-based and 
population-based cohorts. Although functional knockdown of PHACTR2 did not 
alter glucose-stimulated insulin secretion in EndoC-βH1 cells, this does not exclude 
a role in β-cell biology. Instead, it may suggest that PHACTR2 acts through 
mechanisms other than direct regulation of acute insulin secretion, or that its 
function is context-dependent and not fully captured in this experimental model. In 
line with this, genetic data show POEs on PHACTR2. 

Together, Papers 1 to 3 support a model in which allele-specific regulation and 
POEs contribute to metabolic disease risk across the life course. Paper 1 shows that 
parent-specific genetic effects are dynamic and detectable from childhood. Paper 2 
shows that AEI in adult pancreatic islets can reveal disease-relevant regulatory 
mechanisms and candidate genes for T2D. Paper 3 suggests that these mechanisms 
may begin during fetal development, influencing pancreatic development and β-cell 
biology before metabolic disease becomes apparent. This provides a coherent 
biological framework in which parent-specific regulation may influence β-cell 
development, β-cell function, insulin secretion, and ultimately T2D susceptibility. 

Although the main focus of this thesis is metabolic disease, Paper 4 demonstrated 
that AEI and ASE analyses are also valuable beyond T2D. In high hyperdiploid 
ALL, ASE analysis revealed widespread allele-specific transcriptional imbalance 
associated with chromosomal gains and copy number alterations. This showed that 
AEI can capture functional consequences of structural genomic variation in cancer, 
including gene dosage effects that may not be fully apparent from total gene 
expression analyses alone. Thus, Paper 4 supports the broader methodological 
relevance of ASE-based approaches for studying disease mechanisms across 
different biological contexts. 

The inclusion of Paper 4 broadens the perspective of the thesis by showing that 
allelic imbalance is not limited to imprinting or metabolic disease. Instead, it 
represents a general mechanism through which genetic and genomic variation can 
affect transcriptional output. In leukemia, chromosomal abnormalities can alter gene 
dosage and contribute to leukemogenesis, whereas in pancreatic islets and fetal 
pancreas, allele-specific regulation may arise from cis-regulatory variation or 
genomic imprinting, thereby contributing to parent-of-origin effects. Despite these 
different disease contexts, the shared principle is that analysing AEI provides insight 
into regulatory mechanisms that conventional gene expression analysis may miss. 
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Overall, this thesis highlights the importance of moving beyond classical additive 
genetic models when studying complex traits. While traditional genetic studies are 
essential for identifying disease-associated loci, they often do not explain how these 
variants act, in which tissues they are relevant, or whether their effects depend on 
parental origin or developmental timing. By integrating genetic data, transcriptomic 
data, ASE analyses, family-based cohorts, population-based cohorts, fetal tissue, 
adult islets, and cancer models, this thesis provides a broader view of how inherited 
variation can influence gene regulation and disease risk. 

A major strength of this thesis is the integration of complementary genetic and 
transcriptomic approaches across multiple biological contexts. The use of both 
family-based and population-based cohorts enabled the investigation of POEs in 
different study designs, while the availability of deep metabolic phenotyping in the 
family cohorts allowed detailed assessment of diabetes-relevant traits such as 
insulin secretion and insulin sensitivity. In addition, the inclusion of fetal pancreatic 
tissue, adult human islets, and single-cell datasets made it possible to study allele-
specific and parent-specific regulation across developmental stages and tissue 
contexts. This multi-layered approach strengthens the biological interpretation of 
the findings and provides insight into how genetic variation may influence β-cell 
development, mature islet function, and disease susceptibility. 

However, several limitations should also be considered. Most findings are based on 
association analyses and therefore do not establish causality. Parent-of-origin 
analyses are particularly challenging because they require large sample sizes, 
reliable family structure or phasing, and sufficient statistical power to detect effects 
that may be modest and context-specific. Similarly, ASE analyses can be sensitive 
to technical biases, including sequencing depth, mapping bias, genotyping accuracy, 
and differences in sample composition. Distinguishing true biological AEI from 
random allelic variation is therefore a key challenge. This was partly addressed by 
applying quality control filters, integrating eQTL and genetic association analyses, 
and investigating parent-of-origin effects in family trios, where parental 
transmission can be more directly assessed. Nevertheless, additional replication and 
functional validation will be required to confirm the causal relevance of the 
identified genes and variants. 

Despite these limitations, the findings emphasize that genetic effects are highly 
context-dependent. A variant may have different consequences depending on 
whether it is inherited from the mother or the father, whether it acts during fetal 
development or adulthood, and whether it is studied in healthy or diseased tissue. 
This is particularly relevant for T2D, where disease risk reflects long-term 
interactions between inherited susceptibility, β-cell development, insulin secretion 
capacity, insulin resistance, and environmental exposures. POEs may therefore 
represent one mechanism through which early developmental processes and 
inherited genetic variation interact to shape metabolic health. 
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In conclusion, the studies included in this thesis demonstrate that AEI and POEs are 
important contributors to gene regulation, β-cell biology, and metabolic disease 
susceptibility. The work supports a model in which parent-specific genetic 
regulation begins early in development, changes across the life course, and 
contributes to variation in insulin secretion and T2D risk. Furthermore, the 
application of ASE analysis in acute lymphoblastic leukemia demonstrates that 
allele-specific approaches can provide broader insight into the functional 
consequences of genetic and genomic variation. Collectively, these findings show 
that considering parental origin, developmental timing, and ASE can improve our 
understanding of complex disease biology beyond what is possible through classical 
genetic approaches alone. 
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Future perspective 

Future studies should build on these findings by clarifying the causal mechanisms 
linking AEI and POEs to β-cell development, β-cell function, and type 2 diabetes 
risk. Although this work identifies several candidate genes and variants, many 
findings are based on association analyses. Functional validation will therefore be 
essential. This could include targeted perturbation of candidate genes in β-cell 
models, stem cell-derived islets, and pancreatic organoids to assess their effects on 
gene expression, β-cell maturation, and insulin secretion. 

However, one challenge is that the parental origin of alleles is often difficult to 
determine in human β-cell models, stem cell-derived islets, and organoids. Therefore, 
mouse models could provide an important complementary approach. By breeding 
mice with specific maternal or paternal inheritance of variants or gene disruptions of 
interest, it would be possible to directly test whether the phenotypic effect depends on 
parental origin. Such models could help distinguish true parent-of-origin effects from 
general gene dosage effects and provide stronger evidence for causality. 

Another important future direction will be to investigate these mechanisms across 
additional developmental stages and tissue contexts. The fetal pancreas analyses 
suggest that parent-specific regulation may be established early in life, but 
longitudinal molecular data from human pancreatic development remain limited. 
Integrating single-cell transcriptomics, epigenomics, and genotype data across fetal, 
childhood, and adult stages could help define when POEs arise, whether they persist 
over time, and how they influence β-cell maturation and metabolic disease 
susceptibility. 

Larger and more diverse cohorts will also be required. POE analyses are statistically 
challenging and require family-based data or accurate phasing, making replication 
essential. Expanding studies to non-European populations and deeply phenotyped 
cohorts will improve power and help determine whether parent-specific effects are 
shared across populations or shaped by ancestry, environment, and lifestyle. 

Finally, future work should explore the translational potential of allele-specific 
regulation. If specific AEI or POE patterns influence β-cell function, disease 
progression, or treatment response, they may eventually help identify biomarkers of 
diabetes risk or therapeutic response. While such applications remain exploratory, 
AEI and POEs provide important frameworks for uncovering regulatory 
mechanisms that are missed by classical genetic approaches. 
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Use of Generative AI 

Generative AI tools (ChatGPT Edu) were used to assist with language editing, 
improving clarity, and refining the structure and flow of parts of this thesis. The 
research, scientific content, analysis, interpretations, and conclusions are entirely 
my own. All AI-assisted text was critically reviewed, revised, and approved by the 
author. The cover image was created by the author with assistance from OpenAI 
ChatGPT. The author selected, edited, and takes full responsibility for the final 
image. 
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Abstract
Aims/hypothesis  Cardiometabolic traits are heritable, and some display parent-of-origin effects, which indicates preferential 
inheritance from one parent or parental bias. Most studies of these phenomena have focused on adult populations. We aimed 
to investigate the heritability and parent-of-origin effects on cardiometabolic traits in a birth cohort with serial measurements 
to determine whether these patterns emerged early in life.
Methods  The Pune Maternal Nutrition Study comprises a birth cohort in which offspring and parents were studied from 
birth and followed up for 24 years. We investigated parent-of-origin effects on cardiometabolic traits cross-sectionally at 
available timepoints using linear regression, and longitudinally across the life course using mixed-effect regression. Maternal 
and paternal effects on offspring phenotype were modelled after adjusting for age, sex and BMI. Parent-of-origin effects 
were calculated based on the difference between maternal and paternal effects. We also investigated these effects in another 
birth cohort, that of the Pune Children’s Study. Genetic parent-of-origin effects were assessed using generalised estimating 
equations after taking the parental origin of the alleles into account.
Results  Birthweight showed a maternal parent-of-origin effect. At 24 years, maternal bias was seen for some obesity-
related traits for daughters, while paternal bias was seen for WHR in sons. A shift from paternal bias at 6 years to maternal 
bias at 24 years for the skinfold thickness was observed in daughters. Fasting glucose and lipids showed maternal bias at 
6, 12 and 24 years. For fasting insulin and HOMA2-S, a negative maternal effect at 6 years transitioned to a positive one 
at 12 years. For HOMA2-B, a paternal effect at 6 years transitioned to a maternal one at 12 years, and this remained so at 
24 years. Some of these findings were also observed in the cohort from the Pune Children’s Study. Longitudinal modelling 
revealed stronger paternal effects over time for fasting insulin and HOMA indices but maternal effects for glucose and 
lipids, reflecting their cumulative effect over time. Genetic variants at the KCNQ1 locus showed a maternal parent-of-origin 
effect on birthweight, on HOMA2-B at 12 years, and on lipids at 6 and 12 years.
Conclusions/interpretation  Our study provides proof of concept of the existence of parent-of-origin effects on car-
diometabolic traits from birth, through childhood and puberty, until adult age. Our results indicate a predominantly 
maternal influence on intrauterine, pubertal and reproductive-age metabolism in the offspring. While the longitudinal 
analysis indicated a maternal bias for the macronutrients (glucose and lipids), and a paternal bias for glucose–insulin 
metabolism, the cross-sectional analysis revealed a transition between parental influence across physiological stages. 
This dynamic relationship may have its origins in the life-history theory of evolution, and could inform strategies for 
primordial prevention aimed at curbing the rising burden of cardiometabolic disease. Further studies are needed to 
determine the mechanisms underlying such effects.

Keywords  Genetics · Life-course programming · Macronutrients · Parent-of-origin · Sex-specific parental effects · Type 2 
diabetes
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Introduction

Human traits and diseases are the consequence of a com-
plex interplay between genetics and environment. Heritabil-
ity measures how much of the variation in a trait within a 
population is due to genetic factors. Anthropometric and 
metabolic traits have been shown to be heritable to varying 
degrees [1, 2]. Genetic association studies have identified 
a number of variants that are associated with these traits; 
however, the proportion of heritability attributed to these 
variants is rather limited [3, 4].

In a classic Mendelian pattern of transmission, a trait 
may be inherited from both the parents equally; it is also 
possible that it may be inherited preferentially from one of 
the parents, while the contribution of the other parent may 
be low, neutral or even opposite. Such effects (whereby the 
expression of the phenotype in the offspring depends upon 
which parent they are inherited from) are termed parent-
of-origin effects. These effects may be attributed to genetic 
imprinting, intrauterine effects or maternally inherited 
mitochondrial genes [5]. The significance of such effects 
in the aetiology of type 2 diabetes and obesity has been 
emphasised previously [2, 6–8]. Type 2 diabetes shows a 

preferential maternal transmission [2, 7], and a substantial 
component may originate in the intrauterine period. Sev-
eral studies have demonstrated that early-life exposures 
can influence developmental programming and increase 
the risk of cardiometabolic disorders in later life [9–11].

Parent-of-origin as well as offspring sex-specific paren-
tal effects have been reported for anthropometric meas-
urements, insulin secretion and cholesterol levels [1, 2, 
12], and these results are supported by genetic associa-
tions [8, 13, 14]. For instance, the sons of mothers with 
type 2 diabetes had lower insulin concentrations compared 
with the sons of fathers with the same condition, while the 
daughters of mothers with type 2 diabetes had lower HDL-
cholesterol levels compared with the daughters of fathers 
with type 2 diabetes [2].

The previous studies showing parent-specific effects on 
cardiometabolic outcomes were performed in adult off-
spring of European origin and comprised a cross-sectional 
design. In the present study, we aimed to investigate the 
role of early-life programming and life-course tracking 
on cardiometabolic traits from early life to young adult-
hood, to examine whether these parental effects manifested 
at an early age. Our objective was to gain insights into 
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intergenerational transmission of metabolic traits and 
chronic disease risk to identify possible earlier points 
of intervention, with the overarching aim of primordial 
prevention.

Primordial prevention may target the preconception 
period, pregnancy or early childhood to reduce risk factors 
for non-communicable diseases. The preferred period is 
preconception, and classic success stories include the use 
of folic acid (with or without other micronutrients) in pre-
vention of neural tube defects, and strict control of maternal 
hyperglycaemia to prevent congenital anomalies in preg-
nancies affected by diabetes [15, 16]. Such interventions 
are effective largely due to epigenetic modifications during 
intergenerational transmission [15, 16]. Recently, there has 
been growing acknowledgement of the role of epigenetic 
mechanisms occurring in sperm cells [17–19]. Epigenetic 
programming and reprogramming continue in postnatal life, 
although the time windows become progressively narrower. 
Modifying the family environment to reduce obesity and 
related disorders is an example of postnatal intervention. 
Overall, preconception measures primarily target mothers 
(and increasingly fathers), while postnatal efforts focus on 
families.

The Pune Maternal Nutrition Study (PMNS), which stud-
ies a well-characterised prospective birth cohort from India, 
provides a unique opportunity to investigate such effects in 
parent–offspring trios in a life-course model. In this study, 
we investigated the heritability and parent-of-origin effects 
for anthropometric, glycaemic, insulin-related and lipid traits 
in the PMNS birth cohort, with follow-up from birth through 
puberty till adulthood. Parent–offspring associations and 
transitions of parent-specific effects on offspring measures 
across childhood were assessed cross-sectionally (at each 
available timepoint) as well as longitudinally (across time). 

We also assessed these effects in another birth cohort, that 
of the Pune Children’s Study (PCS), with similar follow-up. 
Genetic variants that were previously shown to have parent-
of-origin effects on cardiometabolic traits were assessed for 
similar effects at each available timepoint in the PMNS to 
better understand genetic contributions vs non-genetic con-
tributions (e.g. the intrauterine environment).

Methods

Cohort characteristics for the PMNS

The PMNS (Fig. 1 and electronic supplementary material 
[ESM] Fig. 1) was a community-based preconceptional rural 
birth cohort study established in 1993 in six villages near 
Pune, India, to prospectively study associations of mater-
nal nutritional status with fetal growth and later diabetes 
risk in the offspring. Married, non-pregnant women aged 
15–40 years (N=2466) were invited to participate, and those 
who consented and became pregnant between 1994 and 1996 
(singleton pregnancy <21 weeks of gestation) were recruited 
into the study. They were followed up, together with their 
spouses (F0 generation), and subsequently their offspring 
(F1 generation). The majority of the families belonged to 
the Hindu religion. The prevalence of gestational diabetes 
was <1% based on WHO 1985 criteria (the criteria that were 
applicable at the time of the visit [20]). Growth and metab-
olism-related measurements were performed on the parents 
and the offspring at birth and every 6 years thereafter (ESM 
Table 1). Final analysis for heritability and parent-specific 
effects in this study was performed on the participants with 
complete data at each timepoint. The cohort was representa-
tive of the population from which it was derived.

Fig. 1   Study design for the 
PMNS. DEXA, dual-energy 
x-ray absorptiometry
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Parents (F0)
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Anthropometric and clinical measurements 
in parents and offspring

Body size (anthropometric traits), glucose tolerance (as 
assessed using a 75 g OGTT) and corresponding insulin 
concentrations were measured in both parents at the time 
of the initial visit and at the 6- and 24-year follow-up visits. 
Only body size measurements and a fasting blood test were 
available at the 12-year follow-up visit.

Newborn anthropometric measurements comprising 
weight, length, abdominal circumference and skinfold 
thickness were obtained within 72 h birth. Comprehensive 
assessments of body composition and glucose and insulin 
concentrations in the offspring were performed at 6, 12 and 
24 years. Total fat and lean mass and body fat percentage 
were measured using dual-energy x-ray absorptiometry 
(Lunar DPX-IQ 240 pencil beam machine, Lunar Corpora-
tion). BMI was calculated as weight (kg)/square of height 
(m2), WHR was calculated as waist circumference (cm)/hip 
circumference (cm), and the body roundness index was cal-
culated as described previously [21].

For the biochemistry measurements, participants (both 
parents and offspring) arrived at the Diabetes Unit of the 
King Edward Memorial Hospital, Pune, India, the even-
ing before, had a standardised dinner, and fasted overnight. 
In the morning, a fasting blood sample was collected. At 
6 years, an OGTT was performed, using 1.75 g/kg anhydrous 
glucose. At 12 years, only a fasting sample was collected. 
At 24 years, a full OGTT (using 75 g anhydrous glucose) 
was repeated.

Glucose was measured using the glucose oxidase/peroxi-
dase method, and specific insulin by ELISA (ESM Table 1). 
HOMA2-S and HOMA2-B were calculated using data from 
the fasting samples and the calculation provided on the 
iHOMA2 website (https://​www.​phc.​ox.​ac.​uk/​resea​rch/​techn​
ology-​outpu​ts/​ihoma2) [22]. Lipid measurements (triglyc-
erides, total cholesterol and HDL-cholesterol) were made 
using standardised enzymatic assays, and LDL-cholesterol 
was calculated using Friedewald’s formula.

PCS birth cohort

The PCS was a hospital-based urban birth cohort of approx-
imately 400 children born in the King Edward Memorial 
Hospital, Pune, India, between 1987 and 1989, and their 
parents. All children born in the above time frame based on 
hospital registers were invited to participate. The majority 
of the families belonged to the Hindu religion. Serial meas-
urements for anthropometric traits were obtained at 4, 8 and 
21 years, and for cardiometabolic traits at 8 and 21 years. 
The methods of measurements were the same as described 
above for the PMNS. The cohort was representative of the 
population from which it was derived.

Statistical analysis

Heritability and parent-of-origin effects for cardiometabolic 
traits were assessed between the F0 and F1 generations across 
the various timepoints in the PMNS cohort (6, 12 and 24 years), 
and also for anthropometric traits at birth. Skewed variables 
were transformed using logarithmic or inverse normal transfor-
mations. Heritability was estimated using regression models, 
with offspring phenotype as the outcome and mid-parental phe-
notype (mean) as the predictor, adjusted for age and sex of both 
parents and offspring, and presented as β coefficients (with SE) 
and corresponding p values. Maternal- and paternal-specific 
effects were investigated cross-sectionally (at each timepoint) 
using regression models to assess evolution of the effect over 
time, and longitudinally using mixed-effect regression models 
to assess the overall effect on the offspring, using intra-family 
and inter-observation correlations as random effects. All mod-
els were adjusted for age and sex for anthropometric traits and 
for age, sex and BMI of both parents and offspring for cardio-
metabolic traits. All reported associations from the regression 
models were significant after multiple testing using the Bon-
ferroni method (adjusted p value threshold ≤0.001). Parent-
of-origin effects were tested by calculating the difference in 
maternal and paternal regression coefficients using the Wald 
test :  Z = (b1 − b2)∕

√
[SEb12 + SEb22 − cov(b1 × b2) ] , 

where b1 and b2 are regression coefficients, SE are the cor-
responding standard errors and cov refers to corresponding 
covariances, and are expressed as Z values with the corre-
sponding p value using the cumulative probability function 
p=2×[1−pnorm(abs(|Z|))] . Valuesof p<0.05 were considered 
statistically significant.

Genetic parent‑of‑origin analysis

GWAS quality control and imputation  Genome-wide 
genotyping data were generated for the PMNS trios (mother, 
father and offspring) using Affymetrix SNP 6.0 chips. SNPs 
were excluded if the missingness was >5%, the minor allele 
frequency was <1% and the Hardy–Weinberg equilibrium p 
value was <0.05. Further quality control included allele checks, 
call rate and Mendelian errors. Imputation was performed 
on the TOPMED imputation server using the TOPMED r3 
(GRCh38/hg38) as a reference panel with Eagle version 2.4 
phasing and Minimac4 imputation [23–25]. SNPs of interest 
were extracted based on having imputation scores >0.4.

Parent‑of‑origin analysis  The rs2237892 SNP at the KCNQ1 
locus, the rs4731702 SNP at the KLF14 locus and the 
rs2334499 SNP at the MOB2 locus have previously been 
shown to display parent-of-origin effects on type 2 diabetes 
risk [8, 14, 26]. The KCNQ1 variants have also been shown 
to be associated with insulin secretion, fasting glucose, 
birthweight and placental weight, whereas variants at KLF14 
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show associations with lipid levels and variants at MOB2 
show associations with insulin sensitivity [26–30]. These 
SNPs were assessed for their association with the respective 
traits (where available) in a parent-of-origin manner for each 
allele at available timepoints. First, the parental origin was 
determined using a custom R script taking into account the 
parental genotypes. Then the generalised estimating equa-
tions R package geepack [31] was used, with independence 
as the correlation structure for major allele A and minor 
allele B, where m is the maternally inherited allele and p 
is the paternally inherited allele, for the following models: 
maternal, ApBm vs AA; paternal, AmBp vs AA; parent-of-
origin effects, ApBm vs AmBp. Offspring sex and age were 
used as covariates where applicable, and all traits of interests 
were first log-transformed and then converted to z scores. A 
p value <0.05 was considered to be statistically significant.

Ethics statement

The study has been approved by the village leaders and the 
institutional committee (King Edward Memorial Hospital 
Research Centre Ethics Committee) at all timepoints for the 
PMNS, and by the institutional committee (King Edward 
Memorial Hospital Research Centre Ethics Committee) at 
all timepoints for the PCS. Participants ≥ 18 years of age 
signed an informed consent form. Children <18 years of age 
provided assent, together with parental consent.

Results

Parent‑of‑origin and offspring sex‑specific parental 
effects on anthropometric and cardiometabolic 
traits

The PMNS birth cohort comprises approximately 700 par-
ent–offspring trios with serial measurements for anthropo-
metric traits at birth and at 6, 12 and 24 years old, and for 
cardiometabolic traits at 6, 12 and 24 years old (Fig. 1). The 
parents were on average short and underweight (based on 
WHO criteria for stunting and obesity [32–34]) before and 
during pregnancy. The offspring achieved greater height and 
weight than their parents, and had substantially higher levels 
of circulating macronutrients as adults (ESM Tables 2A and 
2B). To investigate the proportion of offspring phenotypic 
traits attributable to parent phenotype variation through the 
life course, we calculated heritability estimates for cardio-
metabolic traits at available timepoints (ESM Tables 3 and 
4). We next examined whether there was an association 
between the trait of the offspring and the trait of the mother 
(maternal effect) or between the trait of the offspring and the 
trait of the father (paternal effect). If offspring traits showed 
a significantly stronger association with the mother’s traits 

compared with the father’s, this would indicate a maternal 
bias or maternal parent-of-origin effect, and similarly for 
paternal bias (paternal parent-of-origin effect).

Anthropometric traits  Most of the traits were heritable at 
all timepoints, with an increasing trend in the parental effect 
from birth to 24 years (Fig. 2a and ESM Tables 3 and 4). A 
significant maternal parent-of-origin effect was observed for 
birthweight when male and female offspring were analysed 
together (Table 1, Figs 2a and 3a). Daughters showed a sig-
nificant paternal bias for the sum of skinfolds at 6 years, but 
a stronger maternal effect at 24 years. At 24 years, daughters 
also showed a maternal bias for weight, BMI, waist and hip 
circumference and WHR, but a paternal bias for WHR was 
observed for sons (Table 1 and ESM Table 5).

Glucose and insulin indices  For fasting glucose concentra-
tions, the maternal effects were significantly stronger than 
the paternal effects at 6, 12 and 24 years (Figs 2b and 3e, f 
and Table 2), in all offspring combined as well as sons only. 
These effects were seen only at 12 years old in daughters.

A contrasting shift from 6 years to 12 years was observed 
for the paternal and maternal effects in relation to insulin and 
its indices. For fasting insulin and HOMA2-S, there was a 
significant negative maternal association at 6 years, which 
shifted to a significant positive one at 12 years, reflecting a 
change in the direction of the parent-of-origin effect. For 
HOMA2-B, there was a stronger positive paternal effect 
at 6 years, which changed to a stronger positive maternal 
effect at 12 years and continued to show a maternal effect at 
24 years (Figs 2b and 3g, h and Table 2).

In sons, fasting insulin and HOMA2-S showed a signifi-
cant negative maternal association at 6 years, which shifted 
to a positive one at 12 years, and the parent-of-origin effects 
were significant only at 6 years. HOMA2-B showed a pater-
nal bias at 6 years, which shifted to a maternal effect at 
12 years. In daughters, a positive maternal bias was seen for 
fasting insulin and HOMA2-S at 12 years and for HOMA2-B 
at 24 years (Table 2).

Lipid levels  A strong and consistent maternal effect was 
seen for triglycerides, total cholesterol, HDL-cholesterol 
and LDL-cholesterol at all timepoints (Figs 2b and i–l). A 
similar association was seen when analyses were performed 
separately for sons and daughters (Table 2).

Longitudinal modelling by mixed‑effect models

Given the availability of the measurements across mul-
tiple timepoints, we assessed the overall parent-specific 
effects using longitudinal mixed-effect models. A signifi-
cant association of anthropometric traits with each of the 
parents was seen; however, no parent-of-origin effects 
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Fig. 2   Circular heatmaps for 
(a) anthropometric traits and 
(b) metabolic traits, represent-
ing the phenotype associations 
between maternal traits or 
paternal traits and the offspring 
traits at the various timepoints. 
The outer circle represents 
the β coefficients for mother–
offspring associations and 
father–offspring associations. 
The inner circle represents 
the parent-of-origin effects 
expressed as Z values. The 
black dots indicate a significant 
p value (p<0.05). Wt, weight; 
Ht, height; Chol, cholesterol; 
FPG, fasting plasma glucose; 
FPI, fasting plasma insulin; 
H2-S, HOMA2-S; H2-B, 
HOMA2-B; HDL-c and HDL, 
HDL-cholesterol; LDL-c and 
LCL, LDL-cholesterol; TG, 
triglycerides; Mat, maternal; 
Pat, paternal; POE, parent-of-
origin effects

Mat.BMI

P
at.B

M
I

Ma
t.H

t

Pat.Ht

M
at.W

t

Pa
t.W

t

I
MB

th
gi

e
H

Weight

Mat−Pat

0
0.1
0.2
0.3
0.4

0years
6years
12years
24years

0
ye
ar
s

6
ye
ar
s

12
ye
ar

s

24
ye
ar
s

0
ye

a
rs

6
ye

a
rs

12
ye

a
rs

24
ye

a
rs

I
MB

th
gi

e
H

Weight

POE

−1
0
1
2
3

0year
s

6years

12year
s

24years

0
ye

ar
s

6
ye

ar
s

12
ye

ar
s

24
ye

ar
s

0
ye

a
r s

6
ye

a
rs

12
ye

a
rs

24
ye

a
rs

0year
s

6years

12year
s

24years

0
ye

ar
s

6
ye

ar
s

12
ye

ar
s

24
ye

ar
s

0
ye

a
r s

6
ye

a
rs

12
ye

a
rs

24
ye

a
rs

a

Mat.Chol
Pat.Chol

M
at.FPG

Pat.FPG

M
at
.F
P
I

P
at
.F
P
I

Ma
t.H
DLPa

t.H
DL

Mat.H2−B

Pat.H2−B

M
at.H2−S

Pat.H
2−S

M
at
.L
D
L

P
at
.L
D
L

Ma
t.T
G

Pa
t.T
G

lor
ets

elo
h

C

GPF

IPF

c−
L

D
H

H
O
M
A
2−
B

HO
MA

2−S

LDL−c

Triglycerides

Mat−Pat

−0.2
0
0.2
0.4
0.6

6
years

1
2
years

2
4
years

6years 12years 24years

6yea
rs

12yea
rs

24yea
rs

6
ye

ar
s

12
ye

ar
s

24
ye

a
rs

6
ye

ar
s

1
2
ye

ar
s

2
4
ye

ar
s

6 yea
rs12

yea
rs24

yea
rs

6 years

12 years

24 years

6
ye

ars
12

ye
a
rs

24
ye

ars

lor
ets

elo
h

C

GPF

IPF

c−
L

D
H

H
O
M
A
2−
B

HO
MA

2−S

LDL−c

Triglycerides

POE

−4
−2
0
2
4

6
years

12
years

2
4
years6years

12years 24years

6yea
rs

12
ye

ar
s

24
yea

rs

6
ye

a
rs

12
ye

a
rs

24
ye

a
rs

6
ye

ar
s

1
2
ye

ar
s

2
4
ye

ar
s 6 years

12
years

24
years

6 years

12 years

24 years

6
ye

a
r s

12
ye

a
rs

24
ye

a
rs

6
years

12
years

2
4
years6years

12years 24years

6yea
rs

12
ye

ar
s

24
yea

rs

6
ye

a
rs

12
ye

a
rs

24
ye

a
rs

ye
ar
s

1
ye

ar
s

2
ea

rs

6 years
12

years
24

years

6 years

12 years

24 years

6
ye

a
r s

12
ye

a
rs

24
ye

a
rs

b



1304	 Diabetologia (2025) 68:1298–1314

Table 1   Parent-of-origin test for offspring anthropometric traits

Mother–child associations Father–child associations

β (SE) p value β (SE) p value Z value (p value)

At birth
  All offspring N=745 N=705
    Weight (kg) 0.176 (0.045) 0.000104191 0.058 (0.034) 0.094857416 2.10 (0.036)
    Height (cm) 0.223 (0.053) 3.42 × 10−05 0.165 (0.048) 0.000645348 0.81 (0.418)
    BMI (kg/m2) 0.106 (0.042) 0.012537531 0.063 (0.033) 0.054005535 0.80 (0.421)
  Sons N=388 N=368
    Weight (kg) 0.158 (0.058) 0.006646421 0.032 (0.043) 0.463051919 1.75 (0.081)
    Height (cm) 0.227 (0.075) 0.00257224 0.155 (0.064) 0.01625536 0.74 (0.460)
    BMI (kg/m2) 0.118 (0.057) 0.037943635 0.039 (0.044) 0.374421164 1.10 (0.272)
  Daughters N=357 N=337
    Weight (kg) 0.235 (0.072) 0.001322832 0.100 (0.056) 0.07317818 1.48 (0.139)
    Height (cm) 0.230 (0.074) 0.00219911 0.203 (0.073) 0.005667585 0.26 (0.793)
    BMI (kg/m2) 0.113 (0.064) 0.080784399 0.094 (0.048) 0.05364251 0.23 (0.818)
At 6 years
  All offspring N=690 N=655
    Weight (kg) 0.207 (0.027) 1.81 × 10−13 0.206 (0.025) 2.36 × 10−15 0.02 (0.981)
    Height (cm) 0.421 (0.042) 2.53 × 10−22 0.366 (0.041) 2.51 × 10−18 0.95 (0.345)
    BMI (kg/m2) 0.101 (0.019) 7.06 × 10−08 0.112 (0.017) 8.81 × 10−11 −0.44 (0.658)
  Sons N=363 N=342
    Weight (kg) 0.193 (0.035) 9.11 × 10−08 0.206 (0.033) 1.18 × 10−09 −0.28 (0.782)
    Height (cm) 0.458 (0.058) 5.89 × 10−14 0.338 (0.054) 1.61 × 10−09 1.50 (0.133)
    BMI (kg/m2) 0.093 (0.024) 0.00012994 0.096 (0.022) 2.63 × 10−05 −0.10 (0.923)
  Daughters N=327 N=313
    Weight (kg) 0.224 (0.044) 5.54 × 10−07 0.208 (0.040) 2.88 × 10−07 0.26 (0.792)
    Height (cm) 0.380 (0.060) 8.12 × 10−10 0.415 (0.062) 1.10 × 10−10 −0.41 (0.684)
    BMI (kg/m2) 0.113 (0.029) 0.000122813 0.131 (0.026) 7.15 × 10−07 −0.47 (0.638)
At 12 years
  All offspring N=658 N=597
    Weight (kg) 0.312 (0.039) 4.93 × 10−15 0.345 (0.037) 1.32 × 10−19 −0.63 (0.531)
    Height (cm) 0.430 (0.049) 2.08 × 10−17 0.460 (0.047) 7.59 × 10−21 −0.44 (0.660)
    BMI (kg/m2) 0.217 (0.031) 5.02 × 10−12 0.221 (0.030) 5.98 × 10−13 −0.09 (0.929)
  Sons N=342 N=314
    Weight (kg) 0.263 (0.047) 4.57 × 10−08 0.332 (0.044) 4.10 × 10−13 −1.08 (0.280)
    Height (cm) 0.522 (0.067) 7.76 × 10−14 0.423 (0.063) 9.97 × 10−11 1.09 (0.276)
    BMI (kg/m2) 0.152 (0.037) 5.03 × 10−05 0.208 (0.036) 1.53 × 10−08 −1.09 (0.278)
  Daughters N=316 N=283
    Weight (kg) 0.364 (0.063) 2.22 × 10−08 0.360 (0.061) 1.01 × 10−08 0.04 (0.966)
    Height (cm) 0.326 (0.072) 9.56 × 10−06 0.486 (0.071) 6.09 × 10−11 −1.58 (0.115)
    BMI (kg/m2) 0.284 (0.050) 2.79 × 10−08 0.238 (0.048) 1.49 × 10−06 0.66 (0.511)
At 24 years
  All offspring N=462 N=357
    Weight (kg) 0.365 (0.056) 2.56 × 10−10 0.259 (0.057) 6.75 × 10−06 1.34 (0.182)
    Height (cm) 0.482 (0.048) 1.02 × 10−20 0.415 (0.043) 1.10 × 10−19 1.03 (0.303)
    BMI (kg/m2) 0.309 (0.058) 2.36 × 10−07 0.283 (0.063) 1.20 × 10−05 0.30 (0.761)
  Sons N=253 N=205
    Weight (kg) 0.328 (0.073) 1.23 × 10−05 0.353 (0.071) 1.51 × 10−06 −0.24 (0.808)
    Height (cm) 0.505 (0.064) 2.05 × 10−13 0.446 (0.056) 1.39 × 10−13 0.69 (0.489)
    BMI (kg/m2) 0.253 (0.072) 0.000642941 0.390 (0.075) 6.88 × 10−07 −0.57 (0.571)
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Mother–child associations Father–child associations

β (SE) p value β (SE) p value Z value (p value)

  Daughters N=209 N=152
    Weight (kg) 0.401 (0.086) 6.77 × 10−06 0.094 (0.092) 0.31322184 2.44 (0.015)
    Height (cm) 0.447 (0.074) 1.43 × 10−08 0.376 (0.068) 1.41 × 10−07 0.71 (0.480)
    BMI (kg/m2) 0.381 (0.094) 9.00 × 10−05 0.094 (0.110) 0.392542665 1.98 (0.048)

were observed (ESM Table 6). For cardiometabolic traits, 
stronger maternal bias was observed for fasting glucose, 
triglycerides and cholesterol, while stronger paternal 
bias was observed for fasting insulin, HOMA2-B and 
HOMA2-S, when all offspring were analysed together, 
reflecting the pooled effect for each parent for all time-
points combined. Similar associations were also seen for 
sons separately, with addition of stronger maternal effects 
for HDL-cholesterol. However, for daughters, stronger 
maternal bias was seen only for cholesterol (ESM Table 7 
and ESM Fig. 2).

Parent‑of‑origin effects in the PCS birth cohort

To assess whether similar patterns of parent-of-origin effects 
could be observed in another birth cohort, we used the data 
from the cohort in the PCS, comprising approximately 400 
trios with follow-up at 4, 8 and 21 years. We used the models 
described above to assess heritability and parent-of-origin 
effects on cardiometabolic traits. Anthropometry data were 
available at 4, 8 and 21 years, and data for other cardiometa-
bolic traits were available at 8 and 21 years.

For all offspring combined, as well as sons and daugh-
ters separately, heritability estimates were concordant with 
those seen in the PMNS for anthropometric and lipid traits. 
For anthropometric measures, the increasing trend in the 
paternal effects from 4 to 21 years in the PCS mirrored that 
in the PMNS from 6 to 24 years. For glucose–insulin traits, 
heritability estimates were significant for fasting glucose, 
HOMA2-B and HOMA2-S at 8 years, and that for fasting 
plasma glucose was significant at 21 years for all offspring 
combined. For the analysis of sons and daughters separately, 
heritability estimates were significant for fasting glucose at 
8 and 21 years (ESM Table 8).

Some of the parent-of-origin effects in the PMNS were 
also seen in the PCS. Similar to the PMNS, no parental bias 
was seen for anthropometric traits, with the exception of 
a maternal bias for height at 8 years (ESM Table 9). We 
observed a maternal bias for fasting glucose and fasting insu-
lin at 8 years, similar to that seen in the PMNS at 12 years 

for all offspring. A similar trend was seen for HOMA2-B and 
HOMA2-S at 8 years (ESM Table 10).

A consistent maternal bias was seen at 8 and 21 years for 
cholesterol, and a stronger maternal effect was seen at both 
timepoints for triglyceride levels for all offspring combined. 
A stronger maternal effect was also seen for HDL-choles-
terol at 21 years for all offspring combined, similar to that 
seen in the PMNS at 24 years. Similar effects on cholesterol 
and HDL-cholesterol were also seen for sons and daughters 
separately (ESM Table 10).

Genetic parent‑of‑origin effects in PMNS

KCNQ1 locus  The rs2237892 SNP at the KCNQ1 locus was pre-
viously shown to display parent-of-origin effects on type 2 dia-
betes risk and insulin secretion [8, 14, 26]. Here we examined 
whether the same variant showed similar effects on HOMA2-B 
at 6, 12 and 24 years, and found that the KCNQ1 variant showed 
significant parent-of-origin specific associations at 12 and 24 
years, with the previously reported type 2 diabetes risk and 
insulin secretion-lowering maternal allele C lowering (and the 
alternate T allele increasing) HOMA2-B at 12 and 24 years. 
Although the same association was not statistically significant 
at 6 years, the direction of effect was the opposite, similar to 
that seen in the phenotype correlations (Table 3).

We also found significant parental effects on birthweight, 
triglycerides at 6 years and HDL-cholesterol at 12 years 
(Table 3).

KLF14 locus  A maternal parent-of-origin effect was seen for 
the rs4731702 variant at the KLF14 locus for triglyceride 
levels at 6 and 24 years. The type 2 diabetes risk-increasing 
maternal allele C [14] in the KLF14 variant increased triglyc-
eride levels while the T allele decreased them. The maternal T 
allele also increased the sum of skinfolds at 6 years (Table 3).

MOB2 locus  The rs2334499 variant at the MOB2 locus 
showed significant maternal effects at 6, 12 and 24 years, 
with significant parent-of-origin effects at 12  years. 

Associations between offspring anthropometric measurements with that of each of the parents are presented as β values and SE. Differences 
between maternal and paternal effects are presented as Z values and p values. The Z value shows the difference between regression coefficients. 
All the regression models were adjusted for age and sex

Table 1   (continued)
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Previous studies showed that the T allele of the MOB2 vari-
ant increased type 2 diabetes risk when inherited from the 
father but decreased type 2 diabetes risk when inherited from 
the mother [14]. In our study, the maternal T allele decreased 
HDL-cholesterol levels at 6, 12 and 24 years (Table 3).

Discussion

By harnessing the potential of a birth cohort, we observed 
strong parent-of-origin effects for birthweight and metabolic 
traits but only occasionally for postnatal anthropometric 
traits in a life-course model. These parent-specific effects on 
clinically relevant phenotypes changed over time for specific 
cardiometabolic traits, and may have potentially important 
implications for life-history theory and clinical practice. 
Analysis of serial measurements cross-sectionally at availa-
ble timepoints revealed changing parental influences on glu-
cose and insulin metabolism, including insulin secretion and 
sensitivity, in the offspring. For insulin secretion, there was a 
transition from a predominantly paternal association in early 

childhood to a maternal association at pubertal age, whereas, 
for insulin sensitivity, a significant negative maternal associ-
ation transitioned to a significantly positive one. Thus, both 
insulin secretion and action at pubertal age were predomi-
nantly associated with maternal phenotype. The maternal 
effects on lipid traits remained consistent from childhood to 
adulthood. Longitudinal modelling showed stronger paternal 
bias for fasting insulin and its indices but maternal bias for 
glucose and lipids, indicating their cumulative parental influ-
ence over time. Previously reported genetic parent-of-origin 
effects of variants in KCNQ1 on insulin secretion [26] were 
replicated in this study at 12 and 24 years, and the direction 
of effect mirrored that seen in the phenotype associations. 
The same variants consistently showed maternal effects on 
lipid levels and on birthweight (which is partly dependent on 
gestational age at birth). Parent-of-origin effects were also 
observed for variants at KLF14 for triglycerides at 6 years 
and MOB2 for lipid levels at 6 and 12 years.

Mendelian genetics stipulates an equal contribution from 
each of the parents to human traits. However, parent-specific 
influences on metabolic traits, including the beta cell response 
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Fig. 3   Individual Sankey diagrams representing the parent-of-origin 
effects (expressed as Z values) separately for each phenotype at each 
available timepoint: (a–d) anthropometric traits; (e–h) glycaemic 
traits; (i–l) lipids. A significant maternal bias is indicated in red, and 

a significant paternal bias is indicated in blue. Insignificant parent-of-
origin effects are represented in grey. HDL-c, HDL-cholesterol; LDL-
c, LDL-cholesterol
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to oral glucose and insulin action in target tissues, as well as 
lipid levels, have been previously described in adult offspring 
from families of patients with type 2 diabetes and cardiovas-
cular diseases [1, 2, 12]. Since these studies were published, 
the developmental origins of these disorders have been well 
established, and the strongest window for epigenetic program-
ming is now thought to be periconceptional [35] and before 
the three germ layers are established (gastrulation) [36]. This 
suggests that parental influences should be obvious from early 
life. To this end, we determined the heritability and parent-of-
origin effects in a birth cohort that was followed up at regular 
intervals into young adulthood. As previously reported, these 
traits were robustly heritable from early childhood as observed 
when studied in adults [1, 37–44]. Some of these associations 
were also present in the smaller PCS cohort.

Our results show maternal effects for total and HDL-
cholesterol levels, supporting the well-established previous 
findings [2, 12], and also show that the effects manifest from 
childhood, albeit with some differences. A stronger correla-
tion for triglyceride levels was reported between mother and 
daughter in previous studies compared with our study [1, 
12]; however, a significant maternal effect was seen in sons 
at 6 years and in daughters at 12 and 24 years in the PMNS. 
These maternal effects for lipid traits in the PMNS were also 
seen in the PCS cohort. Variants in KLF14 and MOB2, which 
previously were shown to have parent-of-origin effects on 
type 2 diabetes [14], here showed parent-specific effects on 
lipid levels, with the risk-increasing allele being associated 
with lipid levels. These findings provide insights into parental 
programming of offspring risk of type 2 diabetes.

Several theories have been proposed to explain the evolu-
tionary origins of parent-of-origin effects, which are a con-
sequence of genomic imprinting. Haig and Moore’s kinship 
theory suggests that imprinting evolved to adjust gene activity, 
with different allele dosages benefitting maternal and pater-
nal relatives in terms of evolutionary fitness [45, 46]. Day 
and Bonduriansky’s sexual antagonism and co-adaptation 
theory suggests that imprinting evolved to shape offspring 
resemblance to each parent [47, 48]. Wolf and Hager’s mater-
nal–offspring co-adaptation theory proposes that imprinting 
evolved to favour expression of the fitter allele at a specific 
gene location [49]. The common feature of these hypotheses is 
that some processes create a selective asymmetry between the 
maternally and paternally inherited allele copies at a specific 
locus, and this causes selection to favour differential expres-
sion of the alleles at the same locus [50]. Our results show-
ing a predominantly maternal influence on birthweight and 
metabolism of major macronutrients (glucose and lipids) dur-
ing puberty and reproductive age suggests an intergenerational 
influence on resource allocation towards fecundity, which is a 
major component of the life-history theory [51].

The transitioning of parental–offspring associations 
across time from paternal to maternal (supported by genetic 

associations, e.g. for KCNQ1 and HOMA2-B) suggests that 
the effects may be mediated by epigenetics, as the genome 
remains constant. Epigenetics is a link between the genes and 
the environment that facilitates the modulation of expression 
of a particular trait [52, 53]; this kind of programming super-
imposed on top of the genetic material occurs by means of 
chemical moieties (e.g. DNA methylation, histone modifica-
tions and miRNA), which can alter the way the DNA is read 
and expressed. Early-life exposures can bring about such epi-
genetic reprogramming and alter development and function 
of organs, which, in later life, can increase susceptibility to 
cardiometabolic disorders [53]. Waterland, Gunasekara and 
colleagues recently described ‘CoRSIVs’ (correlated regions 
of systemic interindividual variation) for methylation con-
sistency across tissues representing the three germ layers. 
These regions were strongly influenced by the periconcep-
tional environment, with some showing epigenetic metasta-
bility, and these alterations programmed the risk for future 
cardiometabolic diseases [54]. KCNQ1 may well represent an 
example of such a region [54], as supported by the maternal 
parent-of-origin effect on birthweight. Furthermore, parent-
of-origin effects have been shown to have spatial and tempo-
ral effects. Such effects in early life can have implications for 
development, while in later life they may have implications 
for function. For example, KCNQ1 has been shown to have 
monoallelic expression in fetal islets but expression is bial-
lelic in adults [55]. Functional studies are required to dissect 
the implications of such dynamic parent-specific effects.

For insulin secretion, the paternal effect in early child-
hood (6 years) gives way to a maternal effect at 12 years that 
continues to adulthood (24 years). For fasting insulin and 
insulin sensitivity, the negative maternal effect at 6 years 
changed to a positive effect at 12 years. The timing of this 
transition seemingly spans pubertal age (generally consid-
ered to be between 8 and 14 years of age). Metabolism and 
puberty are strongly interlinked; the link between nutrition 
and pubertal development requires maintenance of a mini-
mum positive energy balance, especially in girls [56–59], 
and undernutrition or overnutrition can have a significant 
impact on the timing and progress of pubertal development 
and indeed fertility [56, 60]. It may therefore be speculated 
that parent-of-origin effects accompany pubertal changes 
given the increased developmental plasticity at this time 
period [61]. Nevertheless, it remains to be seen whether the 
shift in parental programming is a cause, consequence or 
by-product linked to pubertal processes.

It is interesting to note that anthropometric measures do 
not show a parent-specific association, unlike that seen for 
metabolic traits. Anthropometric traits are a consequence 
of genetics and environment, with heritability estimates 
increasing over time, which may be partially attributed to 
environmental influences. The reason for the discrepancy 
between anthropometric and metabolic traits in terms of 
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intergenerational transmission of risk remains uncertain. 
The life-course theory may explain parents’ changing roles 
in the allocation of resources for maintenance, growth, 
reproduction and immunity. Further studies in the purview 
of evolutionary biology could shed more light on this.

Our study has several limitations. The findings are 
observational, whereby associations between parental and 
offspring phenotypes across trajectories of early childhood 
are examined, and are therefore not causal. Furthermore, 
this study is based on two birth cohorts from a single city 
in India, and validation is required in other similar as well 
as diverse populations to substantiate the findings. Nev-
ertheless, our study is based on birth cohorts with robust 
study power and extensive follow-up, and therefore has the 
potential to answer novel questions, as well as providing 
a context to findings in adult offspring from other popu-
lations. The results of genetic and epigenetic studies in 
family cohorts as well as target tissues will be very useful 
in unravelling the mechanisms underlying these parental 
biases and the evolution of parental programming states.

This proof-of-concept study demonstrates parent-of-
origin effects on cardiometabolic traits, from birth through 
childhood and puberty and into adulthood. We extend the 
life-history theory to demonstrate the life-course evolu-
tion of maternal influences on macronutrient metabolism 
of the offspring. We hypothesise that this indicates serial 
epigenetic reprogramming (of glucose metabolism) dur-
ing pubertal and reproductive windows in the life course 
against the background of persistent maternal genetic 
effects (on lipid levels). These effects have implications 
for fecundity and survival of the offspring. Our results 
have the potential to provide a novel lead into primordial 
prevention of cardiometabolic diseases.
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Characterizing the allele-specific 
gene expression landscape in high 
hyperdiploid acute lymphoblastic 
leukemia with BASE
Jonas Andersson1,2, Efe Aydın1, Rebeqa Gunnarsson1, Henrik Lilljebjörn1, Thoas Fioretos1,3, 
Bertil Johansson1,3, Kajsa Paulsson1 & Minjun Yang1

Somatic copy number variations (CNVs), including abnormal chromosome numbers and structural 
changes leading to gain or loss of genetic material, play a crucial role in initiation and progression 
of cancer. CNVs are believed to cause gene dosage imbalances and modify cis-regulatory elements, 
leading to allelic expression imbalances in genes that influence cell division and thereby contribute to 
cancer development. However, the impact of CNVs on allelic gene expression in cancer remains unclear. 
Allele-specific expression (ASE) analysis, a potent method for investigating genome-wide allelic 
imbalance profiles in tumors, assesses the relative expression of two alleles using high-throughput 
sequencing data. However, many existing methods for gene-level ASE detection rely on only RNA 
sequencing data, which present challenges in interpreting the genetic mechanisms underlying ASE 
in cancer. To address this issue, we developed a robust framework that integrates allele-specific copy 
number calls into ASE calling algorithms by leveraging paired genome and transcriptome data from 
the same sample. This integration enhances the interpretability of the genetic mechanisms driving 
ASE, thereby facilitating the identification of driver events triggered by CNVs in cancer. In this study, 
we utilized BASE to conduct a comprehensive analysis of ASE in high hyperdiploid acute lymphoblastic 
leukemia (HeH ALL), a prevalent childhood malignancy characterized by gains of chromosomes X, 4, 6, 
10, 14, 17, 18, and 21. Our analysis unveiled the comprehensive ASE landscape in HeH ALL. Through a 
multi-perspective examination of HeH ASEs, we offer a systematic understanding of how CNVs impact 
ASE in HeH, providing valuable insights to guide ASE studies in cancer.

In diploid organisms, the maternal and paternal gene alleles are generally expressed equally. However, there is 
a group of genes in the genome where transcription originates predominantly from one allele, a phenomenon 
known as allele-specific expression (ASE). In humans, ASE is often associated with epigenetic inactivation in the 
X-chromosome or autosomal imprinting, an epigenetic phenomenon resulting in differential parent-origin gene 
expression1. ASE may also be driven by genetic variation. For example, ASE can occur due to genetic variants 
that lead to alternative splicing or cis-regulatory mutations that cause the two alleles to be activated by different 
upstream regulators. Additionally, ASE analysis of somatic mutations has unveiled a preferential selection for the 
expression of some alleles with well-known driver mutations, contributing to the clonal outgrowth of tumors2. 
In tumor cells, an important class of events is somatic copy number variation (CNV). The pathogenetic impact 
of CNVs is believed to be caused by gene dosage imbalances and allelic expression imbalance of genes that affect 
cell proliferation. For instance, the partial tandem duplication of the KMT2A gene is linked to upregulated 
KMT2A expression in acute myeloid leukemia (AML), contributing to AML development by promoting 
uncontrolled cell proliferation and inhibiting normal cellular differentiation3. Aneuploidy, i.e., an abnormal 
number of chromosomes, is commonly observed in many cancer cells4. Evidence from RNA sequencing (RNA-
seq) of aneuploid cells suggests upregulation of trisomic genes (those localized on trisomic chromosomes) at the 
mRNA level when compared to their disomic counterparts4,5. However, the extent to which aneuploidy alters 
the allelic expression of genes in cancer and the overall role of ASE in CNVs remain unknown. ASE analysis 
generally involves counting RNA-seq reads carrying reference and alternative alleles over heterozygous sites and 
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combining read count information from heterozygous loci within a gene to determine the ASE extent6,7. The 
major problem with these RNA-seq-only techniques is that the allele frequency of heterozygous variant sites 
in a specific chromosome may be skewed due to genetic imbalance, leading to errors if the genetic background 
information is missing. This is particularly important for ASE genes identified in aneuploid cancers, where the 
statistical approaches could fail to resolve the unbalanced heterozygous genotypes present in these samples. To 
measure accurately CNV states and to study ASE in the context of cancer, we developed a computational tool 
called Biomedswe Allele-Specific Expression-analyzer (BASE), a method consisting of functionalities to estimate 
the allele-specific copy number (asCN) states and to identify ASE genes by combining analysis of asCN and 
RNA-seq data. Specifically, our approach can detect ASE genes in aneuploid cancer samples, irrespective of the 
availability of whole genome sequencing (WGS) data from matched normal samples. Furthermore, we present 
a case study where BASE was employed to screen ASE genes using published data on high hyperdiploid acute 
lymphoblastic leukemia (HeH ALL), one of the most common childhood malignancies, which is characterized 
by gains of chromosomes X, 4, 6, 10, 14, 17, 18, and 21 in over 80% of cases8.

Methods
WGS data analysis and variants annotation in BASE
The BASE pipeline is designed to generate a gene-based ASE analysis using matched WGS and RNA-seq data 
generated by next-generation sequencing (NGS) technologies (https://github.com/biomedswe/BASE). The 
pipeline is structured so that WGS and RNA-seq data are analyzed independently (Fig. 1). SeqPurge is used to trim 
the adapter sequences and the low-quality bases from raw Illumina paired-end sequencing reads9. The resultant 
trimmed WGS reads are aligned to the human genome reference build hg38 (https://hgdownload.soe.ucsc.edu/
goldenPath/hg38/bigZips/analysisSet/) using BWA10 with sambamba11 used for sorting, marking duplicate 
reads, and indexing of alignment files. Single nucleotide variants (SNVs) are called by GATK HaplotypeCaller12 
and only heterozygous SNVs meeting specific criteria (DP > 15, QD > 2, MQ > 35, MQRankSum > -12.5, 
ReadPosRankSum > -8, and FS < 60) within exonic regions of the APPRIS principal isoforms of protein-coding 
genes are retained. Annotation of SNVs is performed by SnpEff13.

Reference panel for copy number analysis
BASE utilizes a copy number analysis reference panel compiled from unphased WGS data from 196 in-house 
normal samples, obtained from the population in Southern Sweden, and comprising 104 males and 92 females. 
This panel encompasses normalized sequencing depth data spanning around 3.1 million SNV sites across all 23 
human chromosomes. For each normal sample, we performed WGS read alignment and bam file processing and 
called the sequencing depth of defined loci by the GATK HaplotypeCaller gvcf model12. We kept only SNVs with 

Fig. 1.  The BASE workflow is based on whole genome sequencing (WGS) and RNA sequencing (RNA-seq) 
paired-end fastq files from the same sample. SeqPurge filters the raw sequencing reads, whereas BWA and 
STAR are used for read alignment. GATK is utilized for single nucleotide variants (SNVs) calling and for 
determining expressed heterozygous SNV read counts. BASE performs copy number variations (CNV) calling. 
Finally, ASE genes are identified by integrating heterozygous SNVs read counts and copy number states.
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sequencing coverage over 10 and normalized the sequencing-depth using the average sequencing depth of each 
sample. We multiplied the normalized coverage by 2 for the X and Y chromosomes, respectively, in male samples 
and calculated the median value of normalized coverage across all samples for each SNV site.

CNV calling
For WGS data from the input sample, the reference and alternative allele read depths of SNV loci present in the 
built-in reference panel is called using the GATK HaplotypeCaller gvcf model and only informative sites with 
sequencing coverage over 10 are retained. Subsequently, read counts of SNV loci are normalized to the average 
sequencing depth. The Log R ratio (LRR) for each SNV locus is calculated as the log-odds ratio of the sequencing 
depth from the investigated sample over that in the normal reference panel. The circular binary segmentation 
algorithm in DNAcopy14, using LRR data as inputs, is then employed for copy number calling. The resulting 
copy number levels are categorized into five classes: hemizygous deletions (1 copy), wild type (2 copies), 3 copies, 
4 copies, and high amplification (≥ 5 copies).

Next, we calculate the segment allelic imbalance ratio (AIseg) for segments exceeding 100 kb. Briefly, for a 
given segment containing at least 20 heterozygous SNPs, we define the reference allele frequency (RAF) of each 
SNP locus as the reference allele count versus total sequencing depth in the investigated sample and calculate the 
AI value (AIsnp) for each site by

	 AIsnp = abs (RAF − 0.5)

Subsequently, the unsupervised k-means clustering algorithm with a squared Euclidean distance measure is 
applied to all AIsnp values within each segment. This process divides heterozygous SNPs into two groups, and we 
define the mean AIsnp value of each group as AFh and AFL, representing respectively the higher and lower mean 
AIsnp values of the given segment. Finally, AIseg is calculated as

	 AIseg = AFh/AFL

and the asCN states are estimated by combining the copy number levels and AIseg.

RNA-seq data analysis and ASE
The trimmed RNA-seq reads are aligned to the human genome reference build hg38 (https://hgdownload.soe.
ucsc.edu/goldenPath/hg38/bigZips/analysisSet/) using STAR 2-pass mapping pipeline with WASP parameters 
with sambamba used for bam file processing15,16. Only reads with mapping quality ≥ 20 and passed WASP 
filtering are kept. Reference and alternative allele read counts of expressed heterozygous SNVs are obtained 
using the GATK ASEReadCounter12. Heterozygous SNVs are excluded if the total read count of SNV sites 
is < 10. For genes within unbalanced chromosome segments, RNA-seq read counts are aggregated based on 
allele frequencies derived from matched WGS data for the corresponding disomic genes within the same 
chromosome segments. For the latter genes, we implement a pseudo-phasing procedure originally applied 
by Mayba et al.,6 where the major and minor haplotypes are assigned by alleles with higher/lower RNA-seq 
read counts, respectively. The binomial test is subsequently applied to examine whether the allele ratio in the 
RNA-seq data significantly deviates from two null hypothesis models; model 1: ratio 1 (both alleles are equally 
expressed, assuming the sample exhibits biallelic copy number equivalence derived from both maternal and 
paternal genomes) and model 2: the alleles are not equally expressed, but the expression ratios align with the 
allele-specific copy numbers derived from genome-wide assessments. Only genes that display ASE under the first 
model but not the second are defined as ASE genes driven by somatic CNVs. A false discovery rate of 0.05 and 
an additional threshold of allelic imbalance ratio between WGS and RNA-seq (> 2 or < 0.5) data are considered 
for the identification of genes associated with ASE. For gene expression quantification, the RSEM17 algorithm 
is applied using GENCODE v43 (https://www.gencodegenes.org/human/release_43.html) as the reference and 
only genes with CPM (counts per million) ≥ 1 are kept. To evaluate the performance of BASE in ASE calling, we 
compared it against two established ASE calling programs: MBASED and aScan6,7. For MBASED, we adhered 
to the guidelines from the original paper, applying an estimated MAF cutoff of ≥ 0.7 and an adjusted P-value 
threshold of ≤ 0.05. In the case of aSCAN, we considered only informative genes with more than 10 covered 
reads and used an adjusted P-value threshold of ≤ 0.05 to identify ASE genes.

Performance and resource usage
The pipeline uses GNU parallel as the parallelization mechanism to optimize runtime18. All genuine tests were 
conducted on a computer running Linux CentOS 7 with 20 physical cores and 192 GB of RAM. The pipeline 
peak memory usage was ∼80 Gb for WGS data alignment using BWA. The runtime varies depending on multiple 
factors, such as sequencing depth and variants number of samples.

Results
asCN calling evaluation
By using a built-in copy number analysis reference panel, BASE provides a solution to estimate asCN changes 
using WGS data from tumor samples. To evaluate the precision of BASE in asCN calling, we first collected WGS 
data from fifteen extensively studied cancer cell lines (Supplementary Table 1) and compared the asCN calls 
made by BASE with those derived from matched SNP arrays, performed by the Cancer Cell Line Encyclopedia 
(CCLE)19. On average, BASE detected asCN changes with a recall rate of 98–100% in the eleven cell lines with 
ploidy levels ranging from 1.6 to 2.7 (Table 1). For the remaining four cell lines, exhibiting ploidy levels from 
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2.8 to 3.3, the BASE asCN calling result initially exhibited a low overall agreement (< 5%) with CCLE calls 
using default settings. However, after adjusting the tumor ploidy parameter in BASE, the recall rate was restored 
to > 98% (Table 1).

Tumor samples never contain 100% tumor cells but also normal cells, e.g., infiltrating immune cells. This poses 
a problem for the accurate detection of asCN, as the reads from the tumor containing copy number aberrations 
are diluted with the reads from the normal diploid cells. To evaluate BASE’s asCN calling performance in samples 
with normal cell contamination, we obtained WGS data from the COLO 829 cell line and modelled normal 
cell contamination by mixing WGS reads from COLO 829R, a B lymphoblast cell line derived from the same 
patient. In this way, samples containing 75%, 50%, and 25% tumor cell content were modeled. For samples with 
a 75% tumor purity, BASE detected most asCN events with a calling accuracy rate of 96%. However, it is worth 
noting that chromosomal regions with loss of heterozygosity (LOH) in COLO 829 were not called correctly in 
the simulated samples with less than 50% tumor cell fraction due to the increase of heterozygosity within those 
segments (Table 1; Supplementary Fig. 1).

Evaluation of ASE calling based on phased and unphased SNV Information
In the evaluation of BASE’s precision in identifying allelic expression events, we analyzed three replicates of 
HepG2 cell line RNA-seq data, where heterozygous SNPs data had been obtained from using either a phasing 
or non-phasing WGS analysis pipeline20. By using the BASE, we identified 4,933 informative expressed genes 
shared by the ASE calling results using either phased or un-phased genomic data as input. Of these, 639 and 600 
ASE genes, respectively (Table 2), were identified, with 599 ASE genes being consistently detected in both calling 
results (Supplementary Fig. 2); this suggests substantial equivalence between the ASE calling results based on 
unphased and phased data. The relationship between the ASE state and gene expression level was investigated, 
revealing no gene expression profile difference between ASE and non-ASE genes, indicating that our pipeline can 
detect ASE regardless of the gene expression level (Fig. 2a). To further BASE’s performance in ASE calling, we 
compared its results with those from MBASED and aSCAN, revealing a strong correlation between the methods 
(Fig. 2b,c). MBASED identified 5,497 informative genes, with 364 and 336 exhibiting ASE under phased and 

Cell lines BASE aScan MBASED ASE found in all three programs ASE found in both BASE and either aSCAN or MBASED

HepG2 (phased SNVs) 639 721 364 324 600

HepG2 (Unphased SNVs) 600 495 336 214 455

NCIH2122 1710 2557 1191 1086 1658

KNS62 1044 1516 721 617 1474

SW900 1362 2075 956 869 1328

Table 2.  Overview of ASE Gene calling results across three programs in cell lines.

 

WGS dataset Sample name Ploidy WGS coverage Informative region (Mb) Recall (Mb) Overall accuracy (%)

Cell line WGS

A2058 2.21 33.10 2757.71 2740.17 99.36

COLO 829 T 3.22 37.84 2768.17 2743.39 99.11

HEPG2 2.26 42.04 2783.24 2776.96 99.77

HT115 2.10 35.73 2759.91 2742.70 99.38

KNS81 1.96 45.91 2761.61 2729.79 98.85

LAMA84 3.11 42.52 2788.78 2777.25 99.59

LOVO 2.20 37.91 2760.97 2749.19 99.57

LS513 2.28 31.91 2758.90 2749.62 99.66

MKN74 2.30 42.41 2712.25 2669.85 98.44

MM1S 1.97 42.91 2759.18 2756.67 99.91

MONO-MAC-1 2.09 38.35 2762.58 2744.30 99.34

NCIH69 1.64 40.17 2717.08 2700.69 99.40

OVCAR4 2.99 39.84 2728.81 2685.77 98.42

SW1990 2.68 34.77 2745.19 2735.80 99.66

T47D 2.89 40.32 2766.71 2721.87 98.38

Simulated cell line with normal cell contamination

COLO 829 T 75% N.A 96.42 2754.77 2651.55 96.25

COLO 829 T 50% N.A 95.87 2747.81 2455.02 89.34

COLO 829 T 25% N.A 91.49 2779.28 1726.19 62.11

Table 1.  Copy number calling results of 15 cancer cell lines and three simulated COLO 829 cancer cell lines 
with different tumor cell contents. WGS, whole genome sequencing. N.A. not applicable
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unphased conditions, respectively. aSCAN detected 5,546 informative genes, with ASE identified in 721 genes 
using phased data and 495 with unphased data (Table 2). Our analysis showed that over 93% of ASE genes 
identified by BASE were confirmed by MBASED or aSCAN with phased data, and over 75% with unphased data 
(Fig. 2d,e). These findings demonstrate that BASE’s ASE calling is highly consistent with the published methods. 

Fig. 2.  a. Violin plots displaying the expression of ASE genes (top) and non-ASE genes (bottom). No 
significant differences in gene expression levels between ASE genes and non-ASE genes were observed 
(P = 0.79, Mann–Whitney two-sided test). Gene expression levels were normalized to CPM values and then 
log2-transformed as shown on the x-axis. The median is denoted by the center of the boxplot, while the lower 
and upper hinges correspond to the first and third quartiles, respectively. Whiskers represent 1.5 times the 
interquartile range, with data beyond this range plotted as individual points. Spearman’s rank correlation 
between the allelic expression ratio derived from aSCAN and BASE (b), and from MBASED and BASE (c), 
respectively. The Venn diagram displays the overlap of ASE genes identified using phased (d) and unphased (e) 
genotype data by three tools: MBASED, aScan and BASE, respectively.
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Notably, ASE detection was slightly more accurate when based on phased SNV data compared to unphased data 
across all three programs, underscoring the potential benefits of using phased genetic information to enhance 
the precision and reliability of ASE gene detection.

A similar approach was applied to three lung cancer cell lines, KNS62, NCIH2122, and SW900, with matched 
WGS and RNA-seq data derived from the CCLE (Supplementary Table 1). Our results show that the BASE 
program identifies over 59% of ASE genes detected across all programs, with more than 95% of the ASE genes 
called by BASE also recognized by at least one of the other published methods (Table 2). This suggests that BASE 
is robust in ASE gene calling across different tumor types.

Application: ASE in HeH ALL
To explore the impact of CNVs on allelic expression imbalance in aneuploid tumors, we applied the BASE 
framework to a previously generated HeH ALL dataset (Supplementary Table 2)5,8,21. This dataset comprised 12 
samples with matched diagnosis/remission WGS data, along with RNA-seq data from the diagnostic samples. 
The selection of these 12 samples was based on the criteria that all samples were sequenced using the Illumina 
system, ensuring consistency in sequencing technology. Additionally, to minimize batch effects and enhance 
comparability, all selected samples had RNA-seq data generated from sequencing libraries constructed using 
the same kit. Details of sample characteristics and NGS library preparations are described in the original 
articles. To examine ASE genes in HeH ALL, we considered only expressed genes (CPM ≥ 1) that had at least 
one heterozygous site covered by 10 or more RNA-seq reads. In total, we identified 8,210 expressed genes in the 
twelve HeH ALL samples, with 3,653 (44.5%) genes showing ASE. The majority of genes exhibited ASE in only 
one sample (2,372/3,653; 64.9%; Fig. 3a; Supplementary Table 3). No significant difference in the percentage 
of ASE genes was found between informative samples with < 80% and ≥ 80% blast cells (P = 0.143, two-tailed 

Fig. 3.  a. Recurrence of ASE genes across 12 HeH ALL samples. b. The Circos plot shows ASE genes and copy 
number alterations of HeH ALL samples. From outer to inner circle: chromosome numbers, chromosome 
ideograms, scatter plot of recurrent ASEs genes across 12 HeH ALL samples (grey, recurrence = 2; purple, 
recurrence = 3; blue, recurrence = 4; orange, recurrence = 5; red, recurrence > 5), and average copy number of a 
particular segment of 12 HeH ALL samples. c. Gene Ontology analysis of 1,549 recurrent ASE genes in 12 HeH 
ALL samples. d. ASE states of mutated genes in HeH ALL. ASE genes are marked in purple. The circle, square 
and triangle indicate the missense, nonsense and silent mutations, respectively. The x-axis indicates the odds 
ratio of aggregated allelic ratios from RNA-seq compared to those from WGS. The y-axis indicates the log10 
transformed binomial test P value.
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unpaired Mann–Whitney U-test; Supplementary Table 2). Additionally, we found 1,281 genes that displayed 
ASE in at least two HeH ALL cases, i.e., were recurrent (Fig. 3b; Supplementary Table 3). Gene ontology analysis 
of these recurrent ASE genes revealed enrichment of the biological processes cellular response to DNA damage 
stimulus (GO: 0006974; P = 3.5 × 10−7), chromatin organization (GO: 0006325, P = 6.3 × 10−7), and RNA splicing 
(GO: 0008380, P = 1.7 × 10−5) (Fig. 3c).

Proportion of ASE genes on trisomic versus disomic chromosomes
To investigate the relationship between non-random chromosomal gains and ASE in HeH ALL, we restricted our 
analysis to the 4,089 informative genes located within gained chromosomes (trisomy, tetrasomy with a 3:1 allele 
ratio, and pentasomy). We adapted the BASE framework to identify ASE genes that were associated with the 
chromosomal gains using binomial exact test under the null hypothesis model 1) each allele is equally expressed; 
or the alternative hypothesis model 2) two alleles are unequally expressed with the odds ratio based on asCN 
analysis result (Supplementary Fig. 3). Approximately 1,574 ASE genes were significantly correlated with gained 
chromosomes, with 22.8% (932/4,089) exhibiting recurrent ASE in at least two samples. Chromosomes 4, 6, 10, 
14, 17, 18, and 21 were gained in more than 70% of HeH ALL samples and over 30% of the informative genes on 
these chromosomes showed allelic expression imbalance (Fig. 3b, Supplementary Table 4 and 5), indicating that 
the genomic imbalance caused by the copy number gains lead to widely unequal transcription of the two gene 
alleles in HeH ALL.

We have previously shown that genes in the gained chromosomes X, 14, and 21 are associated with the 
strongest dosage effects and that gains of chromosome 21 had the highest selective advantage in HeH ALL5,8. 
In line with this, we observed a higher frequency of ASE in chromosomes 14 and 21 (over 48%) in contrast 
to the other commonly gained chromosomes (range 38.4% to 45.9%), indicating that allelic imbalance in the 
expression of genes on these two chromosomes may be a key hallmark in HeH ALL (Supplementary Table 
5). In contrast, when examining informative genes outside of the gained chromosomes, only 4.6% (294/6,441) 
showed recurrent ASE, highlighting the predominant influence of copy number gain events on ASE in HeH ALL 
(Fig. 3b, Supplementary Table 3).

To explore further whether the leukemia-related ASE events could be driven by chromosomal gains, we 
investigated ASE events involving known cancer driver genes reported in OncoKB (https://www.oncokb.
org/cancer-genes). A total of 54 oncogenes, including four that are known to be mutated in leukemia (NSD2, 
CCND3, U2AF1, and JAK2)22, showed ASE in 7/12 HeH ALL samples in trisomic chromosomes, suggesting 
that the expression of a set of well-known leukemia-related genes could also be altered by gene dosage in HeH 
ALL, although other causes of ASE cannot be excluded. However, only a few leukemia-related ASE events were 
observed in disomic chromosomes. For example, KMT2C is frequently mutated in multiple human cancers and 
heterozygous germline mutations in KMT2C have been reported to be enriched in infants with leukemia23. Here 
we observed ASE of KMT2C in three samples with disomy 7, indicating that the selective expression of specific 
alleles of KMT2C may play a role in the development and progression of HeH ALL.

ASE associated with somatic mutations
We next examined ASE involving mutated genes in HeH ALL by analyzing somatic SNVs from paired tumor/
normal WGS data. Only coding region mutations (annotated as “silent” “missense” or “nonsense”) were included. 
We observed 14 somatic mutation sites that were expressed across 12 genes. Among these, the genes FLT3 
and WEE1 showed ASE in two HeH cases (Fig. 3d). FLT3 overexpression is a known phenomenon in several 
leukemias, such as HeH ALL, irrespective of mutational status24. In this study, we found the HeH sample L5 that 
had a hemizygous deletion near the FLT3 promoter region, displayed cis-dysregulation of FLT3 expression and 
increased expression of the mutated FLT3 allele as previously reported25. Overexpression of WEE1, a nuclear 
kinase that is involved in cell cycle G2-M checkpoint signaling, is associated with a poor outcome in various 
hematological malignancies and inhibition of WEE1 is considered as a potential therapeutic target in AML26. 
Here we identified a heterozygous G > T mutation in HeH sample L11, resulting in a premature stop codon 
and triggering nonsense-mediated decay in WEE1. In line with this, a significant allelic expression imbalance 
favoring the overexpression of the wild-type allele of WEE1 was observed. However, the functional consequence 
of this nonsense mutation in HeH is unknown and further investigations of larger cohorts are needed to elucidate 
the function of WEE1 mutations in HeH ALL. Collectively, these results suggest that ASE can also be associated 
with somatic mutations in HeH, in line with previous observations in other types of tumors2.

Discussion
Detecting ASE is crucial for understanding the impact of cis-regulatory elements on RNA expression in tumors. 
Because ASE is assessed within the same cellular context, it naturally mitigates variability caused by experimental 
conditions such as sample preparation and sequencing depth. Consequently, ASE serves as an outstanding tool 
for analyzing allelic gene expression differences that arise from somatic aberrations and for investigating the 
pathogenic consequences of these aberrations in cancers. However, existing methods that solely rely on RNA-
seq data for identifying ASE have certain limitations. For example, not using matched genomics data, such as 
asCN, may lead to incorrect biological interpretations of gene expression regulation caused by CNVs, especially 
in the context of aneuploidy, which is common in cancer. Population-based ASE analysis is another approach 
to ASE calling that is often considered robust for identifying ASE genes across large cohorts27. However, its 
utility in oncology is limited due to the heterogeneous and complex nature of genetic alterations in cancers, such 
as mutations, recombinations, and CNVs, which often surpass the complexity found in healthy tissues or less 
aggressive diseases. Since many oncogenic alterations are specific to individual samples, these population-based 
approaches may miss ASE events that are present in only a small number of cancer samples, even when those 
share the same cancer type.
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Here, we integrated asCN data into ASE calling algorithms. Our aim was to discern asCN-derived ASE 
events by comparing asCN-aware ASE calling results to allelic balanced ASE calling results. This integration 
helps distinguish passenger events from driver events around recurrent CNVs. Additionally, the BASE pipeline 
incorporates an asCN calling approach that utilizes a comprehensive copy number analysis reference panel, 
enabling the estimation of asCN alterations using WGS data extracted from tumor samples, regardless of the 
availability of matched normal samples.

Using publicly available cell line data, we demonstrated that BASE is able to detect asCN with a low rate of 
false calls. However, it is important to note that BASE is not optimal to identify asCN in tumor samples with high 
levels of noise, such as highly heterogeneous samples or tumor samples with high normal cell contamination. 
The asCN calling performance in regions with LOH could be compromised by the heterozygosity and allelic 
imbalance ratio changes within those regions. Similar problems are commonly encountered in various CNV 
calling tools, and specialized methods are required to call CNVs in complex tumor samples28.

Previous studies have shown that integrating phased variants from long-read sequencing and RNA-seq read 
counts can enhance the power to detect ASE29,30. However, due to the high requirements of DNA sample quality 
for long-read sequencing, this approach is not universally available for clinical samples. Moreover, precise 
haplotype phasing across entire chromosomes is challenging, especially in cancer cells with numerous CNVs. 
In our study, we investigated the ASE calling performance using heterozygous SNP data obtained from both 
unphased and phased WGS data from the HepG2 cell line. Our results indicated a similar accuracy for both 
types of data, underlining the robustness of the ASE calling workflow.

Furthermore, we demonstrated the credibility of ASE effects uncovered by BASE through the analysis of 
paired WGS and RNA-seq datasets from HeH ALL, one of the most common childhood malignancies, which 
generally shows a similar pattern of chromosomal gains in the majority of samples8. This makes HeH ALL a 
valuable model system for studying the effects of aneuploidy on ASE. Our analysis identified a general trend of 
ASE in relation to chromosomal gains in HeH ALL, with a significant number of genes on gained chromosomes 
exhibiting recurrent ASE events. Notably, chromosomes 14 and 21 showed stronger effects on ASE compared 
to other commonly gained chromosomes. This agrees well with previous findings of these two chromosomes 
being associated with particularly strong dosage effects in ALL, since the latter would be expected to arise from 
the homologue that is present in two copies in trisomic chromosomes, leading to ASE, and underscores their 
importance in the pathogenesis of HeH ALL5,8.

In HeH ALL, non-CNV derived recurrent ASE events are rare. In some samples, ASE in the absence of a 
CNV can be attributed to mutations causing leukemia. For instance, our analysis observed the overexpression 
of a mutated FLT3 allele in one HeH ALL through the recently described enhancer mechanism25. Furthermore, 
besides the well-known leukemia-related genes, our analysis also identified novel potential driver mutations, 
such as WEE1, associated with selective expression of mutated alleles in HeH ALL. However, given the small 
number of samples in this study, further investigations involving larger cohorts of HeH ALL are essential for 
determining novel tumor suppressor and oncogenes.

In summary, we have developed BASE, an automated ASE analysis framework employing combined genome 
and transcriptome sequencing data from human samples. BASE provides an asCN calling algorithm applying 
NGS data from tumor-only samples for which no normal samples are available by taking advantage of a built-
in reference panel for CNV analysis. By integrating the asCN data into ASE calling algorithms, BASE provides 
a simple and effective way to interpret the molecular mechanisms underlying ASE and makes it possible to 
identify driver events that are caused by CNVs in cancer.

Data availability
The present study analyzes existing, publicly available data. The Cancer Cell Line Encyclopedia (CCLE) next 
generation sequencing data of 18 extensively studied cancer cell lines used in this study were obtained from the 
NCBI Sequence Read Archive (SRA; https://www.ncbi.nlm.nih.gov/sra) under accession number SRP186687. 
The WGS data generated of the HepG2 cell line are available via ENCODE (https://www.encodeproject.org/) 
under accession numbers ENCBS760ISV. HepG2 RNA-seq data can be accessed via ENCODE under acces-
sion numbers ENCLB707CLT and NCBI SRA under accession numbers SRR8616129 and SRR629573. WGS 
and RNA-seq data of the 12 HeH ALL samples analyzed in this study are available from the European Ge-
nome-phenome Archive (EGA; https://ega-archive.org/) under accession numbers EGAD00001008988 and 
EGAD00001002112, respectively. The code used to perform the analysis is available on Github (https://github.
com/biomedswe/BASE).
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