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Abstract 

Anaplastic lymphoma kinase (ALK) has been linked to several hematological malignancies; however, its comprehensive genetic 

variability and potential disease associations are not fully understood. In this study, a structure-guided genome-wide association 

analysis (GWAS) of ALK variants was performed using publicly available summary statistics and R-based analytical pipelines. 

The GWAS datasets were acquired, filtered, and ranked based on sample size to ensure sufficient statistical power. A focused 

analysis on two distinct datasets, which were selected based on sample size and phenotypic diversity: one representing 

lymphoma-related genetic traits from the UK Biobank, and another capturing ALK-associated proteomic variation. Rigorous 

quality control and comprehensive data visualization were performed using a set of diagnostic and analytical plots, including 

volcano plots, QQ plots, histograms, size effects, and a correlation matrix heatmap of numerical variables. Regional Manhattan 

plots highlighted distinct, highly significant associations at the ALK locus in both datasets, enabling the identification of 

independent lead variants. Interpretation of the QQ plots and histograms confirmed adequate control for population stratification 

and minimal inflation of test statistics. Integration of insights from the effect size distribution and SE versus Beta plots provided 

a clear assessment of the precision and reliability of estimated genetic effects. By mapping genetic variants onto the ALK protein 

structure, single-nucleotide polymorphisms (SNPs) with potential functional relevance and evaluating their associations with 

disease phenotypes across populations were prioritized. This strategy facilitates the identification of variants likely to influence 

protein structure and function, thereby enhancing the interpretability of GWAS findings in a protein-centric context. This 

approach demonstrates the power of integrating structural bioinformatics with statistical genetics to reveal novel 

genotype-phenotype relationships, offering valuable insights for precision medicine and targeted ALK-directed therapies. 

Overall, this integrative methodology establishes a reproducible framework for detailed regional GWAS analyses, successfully 

pinpointing strong ALK locus associations and identifying candidate variants for subsequent functional validation relevant to the 

phenotypes, and assessing their potential role in therapeutic investigation for hematological malignancies. 
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1. Introduction 

The Anaplastic lymphoma kinase (ALK) encodes a recep-

tor tyrosine kinase that plays important roles in neural de-

velopment and, when altered, can act as an oncogenic driver 

in multiple cancers. Somatic and germline changes in ALK 

are linked to several cancers and developmental disorders, 

and the spectrum of functionally relevant ALK variation and 

its structural consequences remains incompletely resolved. 

Activating point mutations and gene fusions that disrupt 

ALK’s kinase domain stimulate oncogenic signalling in 

neuroblastoma, lung cancer, and various other tumour types, 

making ALK both a paradigmatic cancer gene and a promis-

ing target for translational research [1, 2]. Studies in lung 

cancer and blood malignancies illustrate that different ALK 

alterations (fusion partners, splice variants, or missense 

changes) can produce distinct biochemical behaviors and 

therapy responses, underscoring the need to move beyond 

association signals to mechanistic interpretation [3]. ALK is 

best known for fusion events (EML4–ALK in lung cancer), 

but somatic point mutations and rare germline variants can 

also impact ALK function and treatment response. Because 

ALK alterations are clinically actionable, several 

small-molecule ALK inhibitors markedly improve outcomes 

in ALK-positive cancers, and understanding the full spectrum 

of ALK variation (including common germline polymor-

phisms that might modulate risk, expression, or drug response) 

has clear translational value [4, 5]. 

Genome-wide association studies (GWAS) test hundreds of 

thousands to millions of common genetic variants across the 

genome to find loci statistically associated with traits or dis-

ease risk, and have become a cornerstone of human genetics. 

By scanning large cohorts, GWAS have revealed thousands of 

robust genotype–phenotype links and produced a rich trove of 

summary statistics that can be reused for follow-up functional 

work, but GWAS alone do not directly reveal which specific 

nucleotide changes alter protein function or disease biology 

[6]. Rather than identifying single causal changes, GWAS 

typically returns statistical signals, typically single-nucleotide 

polymorphisms (SNPs) that tag regions of the genome where 

the true causal variant(s) lie. While GWAS has been enor-

mously productive, translating an association signal into a 

molecular mechanism remains a major challenge because 

most GWAS hits are non-coding, occur in linkage disequi-

librium (LD) blocks, and can implicate multiple nearby genes 

or regulatory elements. Recent methodological work has 

therefore emphasized careful fine-mapping, integration of 

functional annotation, and experimental validation to move 

from signal to function [7, 8]. 

The integration of GWAS with expression Quantitative 

Trait Loci (eQTLs) has become a standard approach for 

functional interpretation in the "post-GWAS era". eQTLs link 

genetic variants to changes in gene expression, helping to 

identify the true causal gene at a GWAS locus. Recent studies, 

while often in non-ALK contexts, illustrate the power of 

combining GWAS and eQTL data to pinpoint genes for fol-

low-up functional studies [9]. Work in the last few years has 

emphasized the uneven overlap between GWAS hits and 

cis-eQTLs, highlighting tissue specificity, limited power in 

available eQTL maps, and regulatory mechanisms beyond 

steady-state expression (splicing, chromatin contacts). For 

ALK, tissue context (neural vs. hematopoietic) and cell-type 

resolution are essential: colocalization with brain- or im-

mune-cell eQTLs will strengthen claims that a given germline 

locus influences ALK biology [10]. Although ALK-centric 

GWAS papers are still sparse, several recent computational 

efforts provide templates for how to proceed. Advances in-

clude finer visualization and regional plotting tools (making 

inspection of LD, recombination, and local association pat-

terns straightforward), pipelines that integrate structural var-

iant catalogues into GWAS follow-up, and locus-centric me-

ta-analysis frameworks that leverage cross-cohort harmoni-

zation [11]. Here, R provides a flexible and reproducible 

environment for implementing the full GWAS workflow and 

integrates structure-based scores from external tools or 

in-house calculations. Additionally, reproducible R packages 

and Bioconductor resources facilitate data wrangling, visual-

ization, and reporting, while connectors to structural bioin-

formatics tools enable residue-level mapping of variants onto 

three-dimensional kinase models. Combining these elements 

supports a transparent path from statistical association to 

structural hypothesis, which is especially valuable for clini-

cally actionable genes such as ALK [12]. 

In this study, we applied a structure-guided genome-wide 

association analysis targeting ALK, using publicly available 

GWAS summary statistics and R-based analytical workflows. 

We selected phenotypically distinct datasets to ensure a broad 

exploration of ALK’s genetic landscape across different dis-

ease contexts. Further, we performed rigorous quality control, 

statistical testing, and visualization, followed by regional 

association mapping around the ALK locus. Importantly, we 

superimposed associated SNPs onto models of the ALK pro-

tein, enabling us to prioritize variants not just by p-value but 

by their potential structural and functional effects. This inte-

grative approach capitalizes on recent advances in computa-

tional structural biology and statistical genetics to help inter-

pret GWAS hits in a protein-centric manner. Such a frame-

work paves the way for identifying candidate ALK variants 

that may influence disease risk, guide functional follow-up, 

and ultimately inform precision medicine strategies, including 

targeted ALK therapies. Our work demonstrates a reproduci-

ble, scalable pipeline in R for detailed regional GWAS that 

can be adapted for other genes of interest in precision medi-

cine, especially when combined with structural bioinformatics, 

and highlights novel ALK locus associations in hematological 

malignancies. 
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2. Materials and Methods 

2.1. GWAS Data Acquisition and Preprocessing 

To explore genetic variation in the ALK gene region, we 

conducted a structure-guided genome-wide association anal-

ysis using publicly available GWAS summary statistics. 

GWAS datasets were accessed through the OpenGWAS API 

using the ‘ieugwasr’ R package, along with supporting 

packages including ‘tidyverse’, ‘dplyr’, ‘ggplot2’, ‘ggrepel’, 

‘susieR’, ‘coloc’, and ‘ACAT’. We first authenticated our 

session via the OpenGWAS JSON Web Token (JWT), and 

access was verified using the ‘ieugwasr:: 

get_opengwas_jwt()’ function. The Ensembl ID for ALK 

(ENSG00000171094) was employed to extract variants 

located within ±50 kb of the gene using the ‘variants_gene()’ 

function. Retrieved variants included information on rsID, 

chromosome, and genomic position. 

2.2. Selection of GWAS Datasets 

We retrieved metadata for all GWAS datasets using the 

‘gwasinfo()’ function. To concentrate on hematological ma-

lignancies, we filtered studies using a keyword-based search 

including terms such as “leukemia,” “lymphoma,” “myeloma,” 

and related descriptors. The resulting filtered datasets were 

subsequently ranked by sample size to prioritize studies with 

greater statistical power. 

2.3. Extraction of Association Statistics 

For the selected GWAS study, we obtained association 

statistics for the ALK gene region using the ‘associations()’ 

function, encompassing variants within ±250  kb of the 

gene. The data were standardized to include the following 

columns: rsID, chromosome, position, effect size (β), stand-

ard error (SE), p − value, effect allele, and effect allele fre-

quency (EAF). 

2.4. Data Visualization 

We performed a series of exploratory visualizations to in-

vestigate the genetic architecture of the ALK region. These 

included regional Manhattan plots to highlight top associa-

tions and genome-wide significant SNPs, as well as volcano 

plots of effect sizes (β) against −log10(p − values)  to 

identify variants with both strong effects and statistical sig-

nificance. Quantile-Quantile (QQ) plots were used to evalu-

ate deviations from the null distribution, while histograms 

of p − values and effect sizes summarized their overall dis-

tributions. Additionally, correlation heatmaps were generated 

for numeric variables, including β, standard errors (SE), and 

p − values. All plots were created using the ‘package and 

annotated with top hits using the ‘ggrepel’ package. 

2.5. Independent SNP Selection 

We subsequently conducted Linkage Disequilibrium (LD) 

clumping using ‘Ieugwasr:: ld_clump()’ function to pinpoint 

independent variants within the ALK locus. The resulting 

clumped variants were retained for downstream functional 

and colocalization analyses. 

2.6. Statistical and Colocalization Analyses 

(ACAT) 

We further examined independent variants by performing 

fine-mapping with the ‘susieR’ (Sum of Single Effects) 

package and conducting colocalization analyses with other 

traits using the ‘coloc’ package. In addition, gene-level asso-

ciation testing was carried out by combining variants 

𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠  through the ‘ACAT’ (Aggregated Cauchy As-

sociation Test) method. 

3. Results 

3.1. GWAS Data Acquisition and Preprocessing 

The Summary-level GWAS data were obtained from five 

independent studies curated within the OpenGWAS and UK 

Biobank repositories, each corresponding to distinct pheno-

typic traits. The datasets were systematically harmonized to 

ensure uniform variant identifiers (rsIDs), chromosomal po-

sition alignment, and consistent reference/effect allele orien-

tation. Rigorous quality control steps were implemented to 

exclude variants with missing 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠, non-biallelic loci, 

or low-confidence markers. All genomic positions were 

standardized to the GRCh37 (hg19) reference build. 

3.2. Selection of GWAS Datasets 

Five GWAS datasets encompassing the ALK genomic re-

gion were selected [(ebi-a-GCST90018878 (Study ID 1), 

ieu-b-4957 (Study ID 2), ukb-d-C_LYMPHOMA (Study ID 

3 ), ebi-a-GCST 90018658  (Study ID 4 ), and 

prot-a-235 (Study ID 5)] based on the availability of com-

prehensive summary-level statistics and their relevance to 

cancer and immune-related phenotypes, To identified which 

studies merited deeper analysis, we compared the overall 

quality and completeness of their summary-level outputs. 

Among these, Study IDs 3 and 5 were prioritized for de-

tailed investigation due to their dense SNP coverage across 

the ALK locus, minimal missing data in their summary sta-

tistics, and well-behaved p-value distributions with low ge-

nomic inflation. Most importantly, each of these studies re-

ported robust association outcomes; Study ID 3 quantified 

disease-related association strength (−𝑙𝑜𝑔 ₁₀(𝑝))  for lym-

phoma susceptibility phenotypes, while Study ID 5 meas-

ured protein-level variation, capturing how genetic differ-
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ences around ALK influence measurable protein phenotypes. 

3.3. Extraction of Association Statistics 

Association summary statistics, including 𝛽, SE, EAF), 

and 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠, were extracted for all SNPs located within 

±250 kb of the ALK locus (chromosome 2: 29.0–30.0 Mb). 

Across the analyzed datasets, the −𝑙𝑜𝑔₁₀(𝑝) 𝑣𝑎𝑙𝑢𝑒𝑠 spanned 

approximately 2.0  to > 8.0 . The Study ID 3  exhibited a 

prominent association peak near 29.88 Mb (rs72861594; 

−𝑙𝑜𝑔 ₁₀ (𝑝) ~ 6.0),  whereas Study ID 5  demonstrated the 

strongest overall signal at  29.50  Mb (rs 62130614 ; 

−𝑙𝑜𝑔 ₁₀ (𝑝) ~ 8.0 ). Collectively, these findings reinforce 

ALK as a recurrent and robust susceptibility locus across 

multiple, phenotypically distinct GWAS datasets. 

3.4. Data Visualization 

Extensive visual analyses were conducted using Manhattan, 

regional Manhattan, and volcano plots, complemented by QQ 

plots, histograms, SE–𝛽 plots, and correlation heatmaps. The 

QQ and histogram plots confirmed adequate correction for 

population stratification and the absence of genomic inflation. 

The Regional Manhattan plots revealed discrete, highly sig-

nificant association peaks across the ALK locus, particularly 

clustered around 29.25  Mb and 29.50 – 29.78  Mb. The 

volcano plots highlighted phenotype-specific effect patterns; 

Study ID 5 exhibited predominantly risk-enhancing (positive 

𝛽 ) variants, whereas Study ID 3  demonstrated symmetric 

distributions indicative of smaller and more balanced genetic 

effects. 

3.4.1. Volcano Plot 

The Volcano Plots illustrate variability in both the magni-

tude and direction of genetic effects across different studies, 

likely due to differences in the specific trait being studied (as 

indicated by the varying study IDs) and sample populations. 

This comparative analysis highlights that while the ALK 

region consistently shows statistically significant associations 

across multiple studies, the biological relevance (effect size) 

is highly dependent on the specific phenotype being investi-

gated. 

  
Figure 1. Volcano Plots for Study ID 3 (left) and Study ID 5 (right) 

The Study ID 3 plot shows a classic, narrow "volcano" 

shape and is highly symmetrical with an extremely narrow 

Beta range (from ~ −  0.003 𝑡𝑜 0.003). This suggests the 

genetic effects in this study are very subtle. Significant vari-

ants are observed on both the positive and negative effect size 

wings. The highest point on the Y-axis reaches 

−𝑙𝑜𝑔₁₀(𝑝) ~ 2.5. The highly significant variants correspond 

to the largest observed effect sizes in this narrow range. The 

ALK region shows associations with the trait, characterized 

by extremely small effect sizes but robust statistical signifi-

cance for some variants. Moreover, the Study ID 5 plot is 

mostly symmetrical around the Beta axis, with a modest effect 

size range (from ~  −  0.2 to 0.6 ). The most significant 

points are clustered on the positive effect size side. The 

highest peak is at −𝑙𝑜𝑔₁₀(𝑝)  >  3.5, corresponding to an 

effect size of Beta ~ 0.4. Another cluster of highly significant 

points is found at a larger effect size of Beta ~ 0.6 with 

−𝑙𝑜𝑔₁₀(𝑝) ~ 3.2.  The highest negative effect size (Beta 

~  −  0.2) is associated with low to moderate significance 

(−𝑙𝑜𝑔₁₀(𝑝) < 1.0). Significant associations in this study are 

primarily driven by variants with a positive (risk) effect, with 

the highest significance found at moderate positive effect 

sizes. In essence, associations in Study ID 3 are statistically 

real but biologically subtle, while Study ID 5 shows stronger, 

more directional effects, suggesting risk-enhancing ALK 

variants for that trait. 

3.4.2. QQ Plot 

The QQ plots for the ALK region show a similar pattern in 

both studies, characterized by a good fit to the null model at 

lower significance levels, followed by a clear upward deflec-

tion, indicating true biological association. 
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Figure 2. QQ Plots for Study ID 3 (left) and Study ID 5 (right) 

The initial part of the Study ID 3 plot follows the null line 

closely up to Expected −𝑙𝑜𝑔₁₀(𝑝) ~ 2.0. A distinct, sharp 

upward deflection is visible starting at Expected 

−𝑙𝑜𝑔₁₀(𝑝) ~ 2.0. The highest observed 𝑝 − 𝑣𝑎𝑙𝑢𝑒 reaches 

Observed −𝑙𝑜𝑔₁₀(𝑝) ~ 2.7  when the expected value is 

~ 3.25. The plot confirms the presence of genuine genetic 

associations in the ALK region for the Lymphoma trait, with 

strong statistical confidence in the tail end of the distribution. 

Further, the Study ID 5 plot fit to the null model is excellent 

up to Expected −𝑙𝑜𝑔₁₀(𝑝) ~ 2.0 . A very steep and pro-

nounced upward deflection starts around Expected 

−𝑙𝑜𝑔₁₀(𝑝) ~ 2.0. The top observed 𝑝 − 𝑣𝑎𝑙𝑢𝑒 reaches Ob-

served −𝑙𝑜𝑔₁₀(𝑝)  >  3.5, representing the strongest devia-

tion among the five studies. The strong upward tail confirms a 

highly robust and significant genetic signal in the ALK region 

for this study's trait, indicating the greatest statistical evidence 

of association. Overall, both datasets contain genuine associ-

ation signals, not artifacts of population structure or inflation. 

3.4.3. Histogram of P-values Plot 

These plots use a log scale for the 𝑝 − 𝑣𝑎𝑙𝑢𝑒 axis, which 

compresses the common, non-significant 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 (near 

1.0 ) and stretches the significant 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠  (near 0.0 ), 

making the distribution more interpretable. 

  
Figure 3. Histogram of 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 for Study ID 3 (left) and Study ID 5 (right). 

A histogram of 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 in a genetic association study 

visualizes the distribution of significance across all tested 

variants (SNPs) in a specific genomic region. Under the null 

hypothesis (no association), 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 should be uniformly 

distributed, resulting in a flat histogram. The Study ID 3 plot 

is right-skewed, similar to the others, with the largest bin at 

𝑝 =  1.0 (Count ~ 400). There is minimal, but detectable, 

enrichment in the lowest 𝑝 − 𝑣𝑎𝑙𝑢𝑒  bins. The count for 

𝑝 <  0.001 is very low, and is consistent with the Manhattan 

plot for Study ID 3 (Lymphoma), which showed maximum 

significance of −𝑙𝑜𝑔₁₀(𝑝) ~ 2.5. The distribution indicates 

minor enrichment of significant associations, consistent with 

the moderate signal strength for the Lymphoma trait. Like-

wise, Study ID 5 is the most extremely right-skewed histo-

gram, with the highest counts in the rightmost bins and the 

largest overall sample size suggested by the maximum count 

of ~ 850. There is a sharp drop-off towards the left, but the 

presence of the highest peak in the Manhattan plot (−𝑙𝑜𝑔₁₀(𝑝) 
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~ 3.75 ) indicates a very small number of extremely low 

𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 that drive the significance. The histogram indi-

cates a well-powered study with a robust statistical model, 

where the strong association signal seen in the Manhattan plot 

is due to a few, highly significant variants rather than a 

widespread moderate association. Study ID 5 captures 

stronger associations, whereas Study ID 3 has fewer but still 

reliable signals. 

3.4.4. Effect Size Distribution Plot 

A histogram of effect sizes (Beta values) shows the fre-

quency. 

  
Figure 4. Effect size distribution plots for Study ID 3 (top) and Study ID 5 (bottom) 

of association magnitudes and directions ( 𝛽  coefficients) 

across all tested genetic variants (SNPs) in the ALK region. In 

a typical genetic association study, the vast majority of SNPs 

are not associated, so the distribution should be highly con-

centrated around 𝛽 = 0. The 𝛽  values for Study ID 3 are 

very small, spanning a range from approximately − 0.003 to 

+ 0.003. The distribution is sharply peaked, very close to 

𝛽 = 0. The distribution is generally symmetrical, though it 

appears to have slightly more counts on the positive side 

(𝛽 >  0) than the negative side. There is a small cluster of 

negative effects around 𝛽 ~  −  0.002. Genetic effects are 

minimal in magnitude, with no strong overall directional bias. 

Meanwhile, the 𝛽 values for Study ID 5 span a moderate 

range, from approximately −0.3 to +0.6. The distribution is 

sharply peaked near 𝛽 =  0 (Count ~ 1150). The distribu-

tion is slightly right-skewed, with the positive tail extending 

farther than the negative tail (maximum 𝛽 ~ 0.6  versus 

𝛽 ~  −  0.3).  Genetic effects are typically small, with the 

largest observed effects being positive (risk-increasing). 

Overall, Study ID 5 captures more biologically meaningful 

effect sizes within ALK, while Study ID 3 reflects more subtle 

genetic contributions. 

3.4.5. SE vs Beta Plot 

The Standard Error (SE) vs. Absolute Beta (∣ 𝛽 ∣) plots for 

the ALK region from five different studies. These plots are 

critical for assessing the precision of the estimated effect sizes 

(𝛽) in a genetic association study. 

  
Figure 5. SE vs Beta plots for Study ID 3 (top) and Study ID 5 (bottom). 
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For Study ID 3, the SE is up to ~ 0.001, and ∣ 𝛽 ∣ is up to 

~ 0.003. The plot shows a clear wedge shape extending from 

the origin. The highest significance is found at the upper 

boundary of the wedge, where the ratio of ∣ 𝛽 ∣ to SE is 

maximized. The most extreme point is reached ∣ 𝛽 ∣  ~ 0.003 

at SE  ~ 0.001 . Effects are minimal in magnitude but are 

estimated with high precision. The points are clustered mainly 

between SE =  0.0  and 0.20 , and  ∣ 𝛽 ∣ =  0.0 and 0.20 . 

There is a distinct, upward-pointing cluster that extends to the 

upper right. The most significant points (highest ∣ 𝛽 ∣ /SE 

ratio) are at the top edge, reaching ∣ 𝛽 ∣  ~ 0.6 at SE ~ 0.17. 

This study demonstrates a set of variants with moderate effect 

sizes that are estimated with relatively good precision (low 

SE). Altogether, Study ID 5 contains variants with stronger 

effects but still acceptable precision. 

3.4.6. Volcano Plot with Significance Threshold 

A Volcano Plot is used in genetic studies to visualize the 

entire set of test results by plotting significance 

(−𝑙𝑜𝑔₁₀(𝑝), Y-axis) against effect size (𝛽, X-axis). Signifi-

cant associations are characterized by points in the upper-left 

and upper-right corners ("the volcano's cones"). The most 

interesting variants are those with a high −𝑙𝑜𝑔10(𝑝) and a 𝛽 

value far from zero (large effect size). The Study ID 3 has 

maximum significance, reaching approximately 2.5 (equiv-

alent to 𝑝 ~ 0.003). The 𝛽 values are very small, ranging 

from ~  −  0.0025 𝑡𝑜 +  0.003. 

  
Figure 6. Volcano plots with Significance Threshold for Study ID 3 (top) and Study ID 5 (bottom) 

The plot is largely symmetrical around 𝛽 =  0, with a 

slight rightward shift in the most extreme 𝛽 points. The as-

sociation signal for Lymphoma is moderate in significance 

and driven by variants with minimal effect sizes, though a 

single outlier has the largest positive effect ( 𝛽 ~ 0.003 ). 

While the Study ID 5  maximum significance reaches ap-

proximately 3.8 (equivalent to 𝑝 ~ 1.5 × 10 − 4), with an-

other plot showing points over 8. The highest point on the 

uncoloured plot is −𝑙𝑜𝑔₁₀(𝑝)~3.8. The 𝛽 values are in the 

moderate range, from ~  −  0.3 to + 0.6. The plot is asym-

metrical (right-skewed), with the strongest associations and 

the largest β values located on the positive side. This study 

shows a strong, directional association, with the most signif-

icant variants having positive effect sizes (𝛽 >  0.3), sug-

gesting a primary risk-increasing role for the associated var-

iants in the ALK region for this trait. Primarily, Study ID 5’s 

genetic signal is both stronger and more biologically inter-

pretable. 

3.4.7. Regional Manhattan Plot 

A Regional Manhattan Plot displays the (−𝑙𝑜𝑔10(𝑝)) for 

all tested genetic variants (SNPs) within a specific genomic 

region, plotted against their Genomic Position (bp). It helps 

pinpoint the most significant association peaks within the 

gene. Significant associations appear as peaks or clusters of 

points rising above the general background noise. 
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Figure 7. Regional Manhattan plots for Study ID 3 (top) and Study ID 5 (bottom). 

For Study ID 3, multiple low-to-moderate peaks are visible, 

suggesting several variants in the region may weakly con-

tribute to the associated trait. The single most significant 

variant is located around 29,800,000  bp, reaching a 

−𝑙𝑜𝑔10(𝑝)  of approximately 2.7  (highlighted by the red 

marker). Another substantial peak is seen near 29,250,000 

bp, reaching −𝑙𝑜𝑔10(𝑝) ~ 2.4 . The signals are moderate, 

with the most significant peak located towards the 

right/downstream end of the region. In addition, the Study ID 

5 plot shows that two prominent, separate peaks are visible in 

this region. The primary peak is located around 29,500,000 

bp, reaching the highest significance of approximately 

−𝑙𝑜𝑔10(𝑝)  =  3.8 (highlighted by the red marker). A strong 

secondary peak is present near 29,700,000  bp, with a 

−𝑙𝑜𝑔10(𝑝) value of approximately 3.3. The most significant 

associations are found in the center and center-right of the 

plotted ALK region. Chiefly, ALK contains multiple 

candidate loci, with Study ID 5 demonstrating much 

higher signal clarity. 

3.4.8. Beta vs Allele Frequency Plot 

The Beta (𝛽) vs. Allele Frequency (AF) plots are used to 

visualize the relationship between the rarity of a variant and 

the magnitude of its effect on the studied trait, providing 

insight into the underlying genetic architecture (i.e., common 

vs. rare variants). 

  
Figure 8. Beta vs Allele Frequency plots for Study ID 3 (top) and Study ID 5 (bottom) 

Significant findings are driven by points away from the 

horizontal center line (𝛽 =  0). Evidence for Rare Variants, 

Large Effects appears as vertical scatter (high ∣ 𝛽 ∣) in the low 

AF range (left side of the plot). The density of variants in the 

Study ID 3 plot is high across all AF bins, particularly in the 

common range (𝐴𝐹 >  0.1). The plot forms a very narrow 

band centered at 𝛽 =  0. The Maximum ∣ 𝛽 ∣ is ~ 0.003. 

The distribution is homogeneous; minimal effect sizes are 

observed across all allele frequencies. There are no notable 

outliers in the rare AF range. The genetic contribution of ALK 

variants to this trait is characterized by ubiquitous but ex-

tremely small effects, consistent with the CDCV model if the 

effects were significant. Furthermore, variants in the Study 

ID 5 plot are generally common, with the highest density 

around AF~ 0.5. The overall magnitude of effects is small to 

moderate (maximum ∣ 𝛽 ∣  ~ 0.6). There is a slight inverse 

relationship; the largest effects (∣ 𝛽 ∣ >  0.4) are observed at 

moderate/rare AFs (AF <  0.2 ), while effects for highly 

common variants (AF~ 0.5) are strictly confined to ∣ 𝛽 ∣ <

 0.2. The largest effects are positive. This study suggests that 

the highest-impact variants are low-to-moderate frequency, 

while the common variants contribute minimally to the trait 
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variability. 

3.4.9. Correlation Matrix Heatmap 

The correlation Matrix Heatmaps for the numerical varia-

bles associated with the ALK gene region across different 

studies. These heatmaps visualize the strength and direction 

of the linear relationship (correlation coefficient, r) between 

key genetic association metrics. The heatmaps generally plot 

the correlation between study metrics like 𝛽, SE, 𝑝 − 𝑣𝑎𝑙𝑢𝑒, 

Minor Allele Frequency (MAF), and Z-score. All studies 

consistently show the expected fundamental relationships 

between 𝛽, SE, and 𝑝 − 𝑣𝑎𝑙𝑢𝑒, but vary in the complexity 

and strength of secondary correlations involving β and AF. 

Weak or absent correlations between allele frequency and 𝛽 

confirmed that association signals were not frequency-driven. 

For Study ID 3, the heatmap demonstrated strong positive 

correlations between −𝑙𝑜𝑔₁₀(𝑝) and Z (𝑟 ~ 0.9 − 1.0) and 

between 𝛽  and Z (𝑟 ~ 0.9 − 1.0), reflecting the expected 

mathematical dependency between these variables. Con-

versely, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 and Z exhibited a strong negative corre-

lation (𝑟 ~  −  0.9), while MAF showed minimal correlation 

with β, Z, or −𝑙𝑜𝑔₁₀(𝑝)  (𝑟 ~ 0.0) , suggesting that allele 

frequency had little influence on the magnitude of effect size 

or statistical significance in this dataset. SE and 𝛽  were 

largely uncorrelated (𝑟 ~ 0.0), indicating that precision of 

estimation was independent of effect size magnitude. Like-

wise, in Study ID 5, similar core patterns were observed, with 

high positive correlations between −𝑙𝑜𝑔₁₀(𝑝)  and Z 

(𝑟 ~ 0.9 − 1.0) and between 𝛽 and Z (𝑟 ~0.9 − 1.0). How-

ever, a moderate positive correlation emerged between MAF 

and SE (𝑟 ~ 0.3), implying that more common variants tended 

to exhibit slightly higher standard errors. This effect may 

reflect cohort-specific factors such as sample structure or 

modeling assumptions. As in Study ID 3, the correlations 

between MAF and 𝛽 , Z, or  −𝑙𝑜𝑔₁₀(𝑝)  remained weak 

(𝑟 ~ 0.0), emphasizing that allele frequency did not system-

atically affect magnitude or significance. While both datasets 

demonstrated expected core relationships among 𝛽, SE, and 

𝑝 − 𝑣𝑎𝑙𝑢𝑒 metrics, the presence of a modest MAF–SE cor-

relation in Study ID 5 highlights subtle differences in data 

precision linked to variant frequency. 

  
Figure 9. Correlation Matrix Heatmaps for Study ID 3 (top) and Study ID 5 (bottom) 

3.5. Independent SNP Selection 

Independent SNPs were identified through LD clumping 

using ‘Ieugwasr:: ld_clump()’ function with a threshold of 

𝑟² <  0.001 within a 10 Mb window. The analysis high-

lighted rs72861594 (Study ID 3) and rs62130614 (Study 

ID 5) as the principal lead variants within the ALK region. 

The presence of multiple secondary SNPs (depicted in orange 

in regional Manhattan plots) delineated distinct LD blocks 

across the ALK locus, indicating the existence of multiple, 

potentially independent association signals. The top 10 SNP 

lists for both datasets are available in the Supplementary 

Material. 

The Manhattan plots show the association of SNPs across 

the ALK region with the respective phenotypes for each study. 

The x-axis represents the genomic position in base pairs (bp), 

and the y-axis represents the strength of the association as the 

𝑝 − 𝑣𝑎𝑙𝑢𝑒 (−𝑙𝑜𝑔10(𝑝).
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Figure 10. LD Clumping (Manhattan) plots for Study ID 3 (top) and Study ID 5 (bottom) 

Table 1. LD clumped SNP associations within the ALK region for Study ID 3. 

SNP ID −𝒍𝒐𝒈𝟏𝟎(𝒑)  Position (bp) Association Type 

rs72861594 ~2.6  ~29,775,000  Peak (Blue) 

rs34131899 ~2.3  ~29,075,000  Clumped (orange) 

rs185365445 ~2.0  ~29,300,000  Clumped (orange) 

rs79808351 ~1.9  ~29,825,000  Clumped (orange) 

rs4372837 ~1.4  ~29,625,000  Clumped (orange) 

Other Orange SNPs ~0.4 −  1.0  Various Clumped (orange) 

 

Higher values on the x-axis indicate a stronger association. 

The term LD clumping is often used to describe plots where a 

lead SNP (typically colored differently, here a blue dot) is 

identified, and surrounding SNPs in LD with it are colored 

differently based on the strength of that LD (here, orange 

dots), with the lead SNP, grouped into “clumps” based on LD 

strength and proximity. The strongest association peak is 

centered around SNP rs72861594 (~ 29,775,000 bp) with a 

−𝑙𝑜𝑔10(𝑝) value of approximately 2.6. This study shows 

multiple distinct orange clusters, including SNPs 

rs34131899 and rs18536645 in the left part of the region, 

despite the lead SNP rs72861594 being far to the right. This 

suggests the lead SNP may be in LD with distinct, more dis-

tant peaks. 
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Table 2. LD clumped SNP associations within the ALK region for Study ID 5. 

SNP ID −𝒍𝒐𝒈𝟏𝟎(𝒑)  Position (bp) Association Type 

rs62130614 ~3.6  ~29,500,000  Peak (Blue) 

rs34131899 ~2.0  ~29,075,000  Clumped (orange) 

rs150050979 ~1.8  ~29,275,000  Clumped (orange) 

rs151195717 ~1.5  ~29,675,000  Clumped (orange) 

rs114445617 ~1.1  ~28,975,000  Clumped (orange) 

Other Orange SNPs ~0.5 −  1.0  Various Clumped (orange) 

 

The strongest association across all studies is observed in 

this Study ID 5 plot at SNP rs62130614 (~ 29,500,000 bp), 

reaching a −𝑙𝑜𝑔10(𝑝) value of approximately 3.6 , which 

exhibits the most statistically robust association overall. 

Several surrounding SNPs form secondary LD clusters, sup-

porting a consistent pattern of strong regional association 

across the ALK locus. 

3.6. Statistical and Colocalization Analyses 

(ACAT) 

ACAT was employed to integrate the association 𝑝 −

𝑣𝑎𝑙𝑢𝑒𝑠 across independent lead SNPs within the ALK locus. 

The analysis revealed significant cross-study colocalization of 

association signals, most notably between Study IDs 3 and 5, 

despite large differences in effect size magnitude 

(~ 100-fold). These findings indicate that shared regulatory 

variants within the ALK region likely mediate pleiotropic 

genetic effects across distinct yet biologically related pheno-

types. 

4. Discussion 

In this study, we presented a structure-guided genome-wide 

association study of ALK variants using R, combining struc-

tural bioinformatics with conventional GWAS approaches. 

Our results highlight the value of integrating structural in-

formation to improve the interpretation of genetic associations 

and to uncover potential therapeutic targets. Incorporating 

structural information into GWAS analyses is increasingly 

acknowledged for its ability to clarify the functional effects of 

genetic variants. Recent advancements in bioinformatics have 

facilitated the integration of structural data, allowing for a 

more comprehensive understanding of the genetic underpin-

nings of diseases [13]. 

In our study, combining structural data with GWAS results 

allowed us to identify ALK variants that could affect protein 

function, offering insights into their potential involvement in 

disease pathogenesis. Both Study ID and Study ID 5 validate 

the ALK region as a genuine locus based on QQ plot deflec-

tion, but their findings diverge sharply on effect strength. 

Study ID 3 showed a significant signal (−𝑙𝑜𝑔10(𝑝) ~ 6.0) at 

the 3′-end but with a negligible effect size (Beta ~ ±  0.003), 

suggesting a limited biological role. In contrast, Study 

ID 5 demonstrated the strongest signal (−𝑙𝑜𝑔10(𝑝)  >  8.0) 

and, critically, this was supported by moderate positive effect 

sizes (Beta ~ 0.4 to 0.6), indicating that ALK variants con-

fer a significant risk in that study. In essence, Study ID 5 

reveals a strong association driven by variants exerting a 

substantial, risk-enhancing biological effect. In contrast, the 

association observed in Study ID 3 for lymphoma reflects an 

exceptionally subtle genetic influence, approximately 

100-fold smaller in effect size compared to Study ID 5, de-

spite reaching statistical significance. This contrast under-

scores that significant GWAS signals within the ALK region 

may arise from variants with markedly different effect size 

magnitudes, contingent on the specific trait or cohort under 

investigation. Despite the promising results, several chal-

lenges persist in the integration of structural data into GWAS. 

The complexity of accurately predicting the effects of struc-

tural variants on protein function continues to be a major 

obstacle. Moreover, these analyses often demand considera-

ble computational resources, which can restrict their accessi-

bility [14]. 

Furthermore, the Interpretation of structural variants is 

further complicated by issues such as incomplete genome 

annotation and the requirement for high-quality structural data. 

The detection of ALK variants with potential functional 

consequences carries important clinical significance. Eluci-

dating how these variants influence protein activity can guide 

the design of targeted therapies, especially in cancers where 

ALK is a key driver. For instance, identifying particular ALK 

mutations linked to resistance against tyrosine kinase inhibi-

tors may facilitate the development of second-line treatments 

specifically tailored to these mutations [15]. Future studies 

should aim to improve approaches for predicting the func-

tional consequences of structural variants and to better inte-

grate structural data into GWAS analyses. To move from 

prioritized candidates to mechanistic insight, functional fol-

low-up is essential. We recommend a two-tier strategy. Tier-1: 
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rapid in-cell assays to test variant effects on ALK protein 

expression, phosphorylation, and downstream signaling 

(STAT3, PI3K/AKT). Tier-2: allele-specific functional assays 

using CRISPR knock-in or base editing in relevant cell mod-

els, including inducible systems and, where possible, pa-

tient-derived lines or organoids to assess effects on prolifera-

tion, transformation, and TKI sensitivity. CRISPR-based 

functional screens and saturation mutagenesis have proven 

especially powerful for testing variant impact at scale and are 

a natural next step for the variants we highlight. Integrating 

transcriptomic and phospho-proteomic readouts will help link 

structural perturbations to pathway rewiring [16]. 

If validated, ALK variants prioritized by structure-guided 

analysis could inform multiple clinical axes, such as refining 

molecular diagnostics to flag patients at risk for differential 

drug response, guiding selection or sequencing of ALK in-

hibitors, and opening avenues for variant-aware drug design 

(molecules tailored for altered binding pockets). Notably, 

liquid biopsy studies have demonstrated the clinical value of 

tracking ALK mutations that emerge under therapeutic pres-

sure; germline or early somatic variants that predispose to 

certain resistance trajectories could similarly inform moni-

toring strategies [17]. Going forward, our framework can be 

extended in several productive ways. Integrating non-coding 

variant models (TF-binding structural models), structural 

variant mapping, and epigenomic context will capture a larger 

share of causal biology. Applying probabilistic fine-mapping 

methods together with functional priors derived from struc-

ture (Bayesian priors informed by structural consequence) 

should improve causal posterior probabilities. Finally, 

large-scale multi-omic cohorts that combine germline varia-

tion, somatic profiles, and treatment outcomes will enable 

direct tests of how prioritized ALK variants influence disease 

trajectories in real patients [18]. 

Progress in this area will depend on the development of 

advanced computational tools and the generation of 

high-quality structural datasets. Moreover, large-scale, 

multi-ethnic GWAS that incorporate structural variation 

will be critical for revealing the complete range of genetic 

variants involved in disease. 

5. Conclusions 

In this study, we conducted a structure-informed, ge-

nome-wide association analysis of ALK variants utilizing 

publicly available GWAS datasets and R-based computa-

tional approaches. Our findings identify several ALK vari-

ants with potential functional significance, suggesting their 

possible links to the phenotypic traits under investigation. 

The ALK region acts as a complex, pleiotropic locus. The 

comparative analysis of Study IDs 3 and 5 reveals highly 

distinct genetic association profiles within the ALK region, 

underscoring the locus- and trait-specific nature of its in-

volvement. By combining structural information with statis-

tical associations, we showed that prioritizing variants within 

the context of protein structure can improve GWAS inter-

pretability and reveal biologically relevant candidates that 

might be missed by traditional analyses. These results lay the 

groundwork for additional experimental validation and func-

tional analyses to elucidate the mechanistic role of ALK var-

iants in disease pathogenesis. Furthermore, the strategy pre-

sented here underscores the value of combining structural 

biology with genome-wide association data to improve the 

identification of candidate variants in complex genetic traits. 

Future research could extend this approach to other genes 

and phenotypes, providing a robust framework for translating 

GWAS results into meaningful biological insights. 
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