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Abstract 

Complement proteins play an important role in the body's immune processes and involve in 

pathology of many diseases in human, such as major depressive disorder and schizophrenia. 

Understanding genetics of those proteins is an important step toward unravelling their effects 

on psychiatric disorders.  The complement protein levels differ between neonates and adults. 

There are many studies investigating the genetic architecture of the complement proteins, but 

evidence about genetic of neonatal complement protein is scarce. In this study, I investigated 

the SNPs and haplotypes that are associated with the five complement proteins, C1q, C3, C4, 

CFB, and CFH among newborns. I also compared the effects of the identified SNPs among 

neonate and adults. 

This study uses 75 samples from Swedish newborns whose blood were primarily collected for 

Phenylketonuria screening. Genotype data and protein levels were measured from dried blood 

spots. To investigate the genetics of the complement proteins, I first conducted single SNPs 

association analyses. The single SNPs used in this study was derived from previous research 

of European adult samples and has been shown to be significantly associated with the target 

protein. Then, after imputing the SNPs for the MHC region, I conducted haplotype analysis in 

the MHC region for the five complement proteins. Finally, I compared the effects of the 

variants identified in the single SNPs association analysis with the effects that were reported 

for adult protein levels in previous studies. 

The results of single SNP association analysis showed that among the 14 SNPs that were 

associated with adult protein levels, SNP rs4151669 that associated with complement factor B 

(CFB) was significantly associated with the target protein in the neonatal population. Some 

SNPs (rs8283, rs4151669 and rs10737680) may have opposite effects in the two populations. 

This study found 86 haplotypes potentially associated with the complement proteins. Among 

them, the haplotype “H840” which located at chr6:32594217-32597172 was significantly 

associated with five complement proteins. This study provides evidence for the genetic 

component of the 5 complement protein levels among neonates. The results also suggested 

that the genetic influence of the complement protein among adult and neonatal population are 

different. 

  



 

 

  



 

 

Genetic segment that influences complement proteins 

found in the genome of Swedish newborns 

Popular Science Summary 

Xinyao Sun 

The complement system is a very important part of the human body and consists of a variety 

of proteins. Complement proteins play an important role in the body's defence against 

bacteria. The content of complement protein in the human body is an important physiological 

indicator. Some studies have confirmed that some mental diseases such as depression and 

schizophrenia are also affected by the level of complement protein. Therefore, it is very 

necessary to study the genetics of complement proteins. 

In this project, a genetic association analysis of complement protein levels was performed in 

Swedish neonates. Genetic association analysis is a method commonly used in biology to 

explore whether a region of the genome affects certain traits. The study found that in a region 

of human chromosome 6, there are genetic segments that affect the levels of certain 

complement proteins in the body. People who carry these genetic fragments will have a 

degree of rise or fall in their complement protein levels. Therefore, protein levels can be 

predicted by gene sequencing, thereby avoiding the occurrence of some diseases. 

In the process of research, I also found that there are differences in the role of gene segments 

in the neonatal and adult populations, that is, at different ages, a gene segment has different 

effects on the complement protein. This may explain changes in complement protein levels as 

people grow up. 

The findings of this study were found in a Swedish neonatal cohort, and more data and 

experimental validation are needed to investigate whether similar or different results exist in 

populations of other ethnicities or ages. But as far as theoretical research is concerned, this 

conclusion provides some references for future research. 
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1 Introduction 

The complement system is composed of a variety of proteins that play an important role in 

defending against pathogens and removing of waste materials. Previous studies showed that 

the complement cascade plays a role in pathology of diseases that are related to the central 

nervous system. For instance, the complement system mediates synaptic pruning, a 

developmental process in which redundant synapses are eliminated in the immature brain 

(Stevens et al. 2007). Among more than 30 proteins of the complement system (Sarma & 

Ward 2011), the complement proteins C1q, C3, C4, CFB, and CFH are often used as 

biomarkers in many studies due to their fetal origin, long half-life, and detection in neonatal 

blood, and are also linked to some psychiatric disorders. The complement protein C1q has 

been shown to be associated with major depressive disorder (MDD) that C1q levels are 

significantly elevated in patients with MDD (Yao & Li 2020). Complex variation of 

complement protein 4 (C4) associated with an increased risk of schizophrenia (Sekar et al. 

2016). It has also been shown that serum homolytic activity of complement protein 3 (C3) is 

increased in patients with schizophrenia compared with normal people (Boyajyan et al. 2010). 

Another study observed a higher level of complement factor H (CFH) among patients with 

anhedonia, a MDD subtype compared with non-anhedonia (Tang et al. 2021). 

Understanding genetics of those proteins is an important step toward unravelling their effect 

on psychiatric disorders. Over the past decade, genome-wide association studies (GWAS) 

have often been used to analyse complex traits, based on linkage disequilibrium (LD) between 

single nucleotide polymorphisms (SNPs) and Quantitative trait locus (QTL) to examine the 

degree of association between traits and SNPs. Previous studies have found 1 locus associated 

with C1q (Suhre et al. 2017), 19 loci associated with C3 (Khan et al. 2021; Rhodes et al. 

2010; Borné et al. 2017), 12 loci associated with C4 (Suhre et al. 2017; Khan et al. 2021), 2 

loci associated with CFB (Suhre et al. 2017) and 4 loci associated with CFH (Suhre et al. 

2017; Cipriani et al. 2021). GWAS often requires very large sample sizes and stringent 

statistical significance thresholds to account for multiple testing (often millions of SNPs), 

hence, to study genetic variant associated with a trait in a small sample, single SNP 

association test if often used instead of GWAS. One can conduct a test between a target trait 

with specific genetic variants (SNPs) that is potentially associated with the traits.  

One of the weaknesses of the single SNP association analysis is that because SNPs are 

inherently biallelic, single-SNP association analysis cannot detect the true allelic diversity in a 

population, or the epistatic interactions between genes (Gawenda et al. 2015). Some 

researchers have proposed an association analysis based on haplotype. Haplotypes, as special 

combinations of alleles with strong linkage disequilibrium (LD) along chromosomes, can 

better capture information in the genome. Haplotype methods can improve the ability to 

detect epistatic interactions between genes, but also reduce the number of tests and avoid type 

I errors (N’Diaye et al. 2017). Studies in some model organisms have pointed out that 
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haplotype models can provide more precise localization accuracy and detection capability 

than single SNP models (Hayes et al. 2007; Grapes et al. 2004).  

Haplotype analyses is a common method to investigate the genes in the major 

histocompatibility complex (MHC) region. The MHC region locates on the chromosome 6 

(~4Mb in length) and is considered the most complex and variable region in the human 

genome (Horton et al. 2008). There is a complex linkage disequilibrium phenomenon in the 

MHC region. The MHC region contains many genes/SNPs related to complement system 

proteins. For example, the CFB gene and the two genes that control C4 are located within the 

MHC region (Campbell 1987; Carroll et al. 1984).  

Complement protein levels in humans vary during lifetime. A previous study among 48 

minors (10 neonates, 13 infants, 9 toddlers, 8 school-ages and 8 teenagers) and 17 majors (9 

young adults and 8 adults) suggested that the levels of complement proteins differ between 

newborns and adults. This study observed the C4 protein levels being higher at 1-5 years of 

age and the C3 level doesn’t change with age (Sager et al. 2021). There has been many 

studies investigating the genetic variants associated with the complement protein levels in 

adults (Rhodes et al. 2010; Borné et al. 2017; Suhre et al. 2017; Khan et al. 2021; Cipriani et 

al. 2021). However, there has not been many studies investigating genetic architecture of the 

complement protein in newborns.  

In this study, I examined the genetic information of the five complement proteins, C1q, C3, 

C4, CFB, and CFH among newborns. I investigated the SNPs and haplotypes that are 

associated with the protein levels. I also compared the effects of the identified SNPs among 

neonate and adults. The results may suggest new insights into the research of the relationship 

between those proteins and human diseases. 

2 Methods 

To investigate the genetics of complement protein among neonates, I first conducted single 

SNPs association analyses. Then, after imputing the SNPs for the MHC region, I conducted 

haplotype analysis in the MHC region for the five complement proteins. Finally, I compared 

the effects of the variants identified in the single SNPs association analysis with the effects 

that were reported for adult protein levels in previous studies. 

2.1 Population and materials 

The data used in this study were obtained from Swedish newborns whose blood were 

primarily collected for Phenylketonuria screening. I used neonatal protein data and genomic 

data from 75 of samples provided by Håkan Karlsson's laboratory.  
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2.1.1 Protein data 

Dried blood spots (DBS) collected from neonates within 3-5 days after birth. Levels of five 

complement proteins including C1q, C3, C4, CFB and CFH were measured in the neonatal 

dried blood spots. 

A 3.2 mm diameter disc was punched from each dried blood spot, then was immersed in 

200μL of phosphate-buffered saline and incubated for 2 hours at room temperature on a rotary 

shaker (600 rpm), then was stored at -80°C until analysis. The total protein concentration in 

the eluate was measured by Direct Detect infrared spectroscopy (Merck, Darmstadt, 

Germany). 

To minimize technical variation, the raw protein levels were corrected for the total protein 

level of the plasma (raw protein concentration divided by total protein level). In all analyses, I 

used the corrected protein levels. All 75 samples were run on one assay plate, so adjusting for 

batch effect was not needed. 

2.1.2 Genotype data 

Post- quality control genotype data of the 75 samples were available. The threshold of SNPs 

call rate was 0.98. Variants with the minor allele frequency (MAF) <0.01 were filtered out. 

After QC, 8 samples were removed, 1 due to gender mismatch, 7 due to low detection rates 

(missing rates 0.024, 0.029, 0.037, 0.038, 0.039, 0.045, and 0.099). Subsequent analyses were 

based on the 67 remaining samples (29 females, 38 males). 

2.2 Single SNP association analysis 

2.2.1 Identifying potential SNPs associated with complement proteins in 

neonates 

When performing single-SNP association tests, I used published SNPs that were significantly 

associated with the levels of these five complement proteins. These SNPs have shown high 

significance in a larger population sample, and it can be considered that these markers are also 

highly likely to be significantly associated in the Swedish neonatal population used in this 

project. Because my data are from Sweden, most likely of European ancestry, I only selected 

studies where the participants were European. 

When doing literature search, I first used the GWAS Catalog (Buniello et al. 2019) to identify 

the variants associated with the traits of interest. Then I extracted the information of the 

identified SNPs (e.g., rsID, minor allele, major allele, location, Beta value, P-value, closest 

gene) from the original publication. I also conducted extra free-text search on Pubmed to 

identify variants that were not reported in the GWAS Catalogue 

2.2.2 Single SNP association test 

I extracted identified SNPs from genotype data for the 67 samples and performed single-SNP 

association analysis on neonatal protein levels using the PLINK software (version 1.9). 
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Because the complement protein levels are continuous variables, I fitted linear models 

adjusting for the genomic principal components (PCs). PCs was added as covariates to adjust 

for the population stratification.  

Differences in the frequency of causal variants associated with target traits between 

individuals due to population stratification may create spurious associations. A common 

solution is to perform principal component analysis on genomic data, these principal 

components can represent information about population stratification, and then select a certain 

number of principal components as covariates to add to the model (Price et al. 2006). But a 

potential problem is how many principal components need to be chosen to be appropriate 

(Lee et al. 2011). To address this issue, this study selected genomic control, which can correct 

for inflation of test statistics due to population stratification in association analysis (Yang et 

al. 2011). The test statistic is λ, that is the genomic inflation factor. The closer λ is to 1, the 

smaller the impact of population stratification on the association analysis. In this study, I 

added 1 PC, 2 PCs, 3 PCs, 4 PCs, 5 PCs, and 10 PCs to the models, respectively, performed 

association analysis on five target proteins under these six models, calculate the genomic 

inflation factor, and find the model with the mean value closest to 1. The PCs used for this 

model will be used as the PC for the single SNP association analysis. 

Main scripts for the association analyses can be found in the Supplementary File S1. 

2.3 Haplotype analysis within MHC region 

2.3.1 Sample distance and kinship matrix 

Haplotypes are determined based on linkage disequilibrium in the genome, but if there are 

related individuals (eg twins, siblings, etc.) in the sample, linkage disequilibrium will be 

affected (Hill & Robertson 1968). This is because among related individuals, there is a 

stronger linkage disequilibrium, which can cause errors in haplotype determination. 

Therefore, in the first step of haplotype analysis, it is necessary to detect whether there are 

related individuals in the sample. The analysis was performed by the bioinformatics software 

KING (Manichaikul et al. 2010), which estimated pairwise kinship coefficients using the 

KING-Robust algorithm and constructed a kinship matrix from which sample distances could 

be known. 

2.3.2 Imputation 

The genotype data that I received was imputed for the non-MHC region. SNPs on the MHC 

region are more difficult to impute because of strong LD in this region. I used the software 

BEAGLE to impute the SNPs in the MHC region of the 67 sample in this study. The genome 

build of newborns is GRCh37 (hg19), the location of MHC region with GRCh37 is from 

28,477,797 to 33,448,354. 

The accuracy of imputation is determined by the reference panel data and imputation 

methods. A previous study has shown that the reference panel contained more samples would 
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increase the imputation accuracy by enhancing the performance of the haplotype-frequency 

models (Verma et al. 2014; Shi et al. 2018). When using BEAGLE (version 3.3) for SNPs 

imputation, I chose 1000genome phase 3 data as a reference, and used samples from the 

European population. The genome build of this data is also GRCh37 (hg19). Then, I used 

PLINK to select the MHC region in the reference data and the neonatal data. 

The reference data contains 158,322 SNPs from 496 samples. When processing reference 

data, in order to convert the data into the PLINK format which was required for downstream 

analysis, I first downloaded the comparison table of SNP location and rsID from 

https://genome.ucsc.edu/cgi-bin/hgTables. The parameters selected on the website are shown 

in Supplementary Table S1. Then use PLINK to update the information in the reference data. 

In order to ensure correct imputation, the SNP calls of reference and my study data need to be 

guaranteed to be on the same strand. I used the BEAGLE program to do the strand check on 

the data (http://faculty.washington.edu/sguy/beagle/strand_switching/strand_switching.html). 

At the same time, the program can also check for different SNP IDs at the same position on 

the chromosome and annotate them in the output file.  

Before the imputation, in order to speed up the imputation, pre-phasing was conducted using 

the software beagle3. Pre-phasing divides the data to be imputed into haplotypes, and then 

uses the reference genome to impute it, which can greatly improve the running speed while 

ensuring accuracy. 

2.3.3 Haplotype analysis 

I used PLINK1.9 to estimate the haplotype block with the imputed genome data. PLINK uses 

the Gabriel method to calculate the LD of SNPs in a fixed-length window, and then infer the 

potential haplotype (Chang et al. 2015). In this study, I chose a window length of 200kb. The 

method is based on linkage disequilibrium measures D' and confidence intervals. If the upper 

boundary of the confidence interval of D' of a pair of SNPs is greater than or equal to 0.98, 

and the lower boundary is greater than or equal to 0.7, the pair of SNPs is considered to be in 

strong linkage disequilibrium. 

I performed association analyses of complement proteins and haplotypes in PLINK, adjusted 

for the genomic PCs, with the same number of PCs as in the single-SNP model. I used 

Bonferroni correction to adjust for multiple testing when considering significantly associated 

haplotypes. Although the Bonferroni correction is very strict, it can avoid false positives, 

especially when the number of haplotypes is large. Annotating the genes closest to each 

haplotype was done with the Github project vautils (https://github.com/oyhel/vautils). Details 

about parameters and script for the gene annotation is available in the Supplementary File S1. 



 

16 

 

2.4 Comparing SNPs effect between newborns and adults 

I compared the effect of those SNPs on protein levels among newborns with those from the 

previous studies among adults. In order to compare SNP effects in neonates and adults, before 

doing the association test, I need to make sure that the protein data I use uses the same 

transformation methods as the protein data in the reference. Because the single SNP 

association test uses a linear model:  

P = β*x + PCs + e, 

where the P is the protein level, x is the SNP, PCs are the genomic principal components, e is 

the residuals, and the SNP effect I need to compare is the beta value (β) in the formula. Only 

when the protein data are on the same scale (i.e., were transformed using the same method), 

the calculated beta values are comparable. In addition, make sure that the beta values 

correspond to same allele for each SNPs in the reference and my data.  If the information 

from the previous publication is not enough to ensure that the SNPs effects are comparable 

(allele, strand, and genome build), the SNPs were excluded from the adult-neonatal effect 

comparisons. 

3 Results 

3.1 Potential SNPs associated with complement proteins in neonates 

From 5 studies, I identified 38 SNPs associated with the 5 complement proteins. All studies 

were conducted in adults. Among those 38 SNPs, 18 were located on the MHC region of the 

chromosome 6, and the remaining 20 SNPs were distributed on other chromosomes including 

chromosome 1, 5, 11, 12, 19 and 20 (Details in Supplementary Table S2). The number of 

SNPs corresponding to each complement protein (C1q, C3, C4, CFB, CFH) is 1, 19, 12, 2, 

and 4, respectively.  

3.2 Description of protein data 

Statistical description of protein data was performed both before and after transformation. Table 

1 provides statistics for the protein data, including mean, median, variance, IQR, missing values, 

and normality test results. The histogram of protein data, showing the distribution and the QQ 

plot showing the normality of the data are available in Supplementary Figure S1a-b. I conducted 

normality test using 2 methods, Shapiro–Wilk test and Anderson–Darling test, to corroborate 

each other. The null hypothesis is that the data is normally distributed. Before transformation, 

only the C3 protein levels were normally distributed. However, in order to compare with the 

SNP effect on C3 in the previous study, I still apply the natural log transformation for this 

protein.  
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Table 1. The statistical description of data before transformation 

Protein mean median SD IQR SW_pvalue AD_pvalue Transformation 

C1q 0.18 0.15 0.13 0.15 5.9E-06 3.4E-07 Inverse normal 

C3 5.88 5.62 2.12 2.60 0.002 0.02 Natural log 

C4 2.40 2.12 1.10 1.11 5.3E-06 7.5E-05 Inverse normal 

CFB 1.47 1.26 0.88 0.89 6.9E-09 6.0E-07 Inverse normal 

CFH 1.65 1.36 0.97 1.22 6.3E-06 1.1E-06 Inverse normal 

Column name: 

Protein: complement proteins 

Transformation: transformation methods of protein level 

mean: mean value of the protein level 

median: median value of the protein level 

SD: standard deviation of the protein level 

IQR: interquartile range 

SW_pvalue: p-value of the Shapiro–Wilk test 

AD_pvalue: p-value of the Anderson–Darling test 

Then the protein data was transformed according to the method in Table 1. These 

transformation methods correspond to what were used in the previous studies where I found 

genetic variants associated with the protein (Supplementary table S3). After the 

transformation, all the protein levels had approximately normal distribution (Figure 1). 

Details about the description and histogram showing protein distribution are available in 

Supplementary Table S3 and Figure S2. 
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Figure 1. QQ plot of distributing complement protein levels after transformation.  

3.3 Single SNP association analysis   

First, I determined the number of PCs to use in the linear model using the genomic controlled 

approach. Figure 2 shows the violin plot of the genomic inflation factor obtained by several 

models with different numbers of PCs. The λ of the six models are close to 1, which implies 

that population stratification is almost non-existent in the 67 samples used in this study. In 

this case, I chose the model with the mean genomic inflation factor closest to 1 (i.e. the model 

containing 3 PCs) as a reference, the linear models in both the single SNP association analysis 

and the haplotype analysis will use the first 3 PCs. 
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Figure 2. Violin plots of the genomic inflation factor for models with different numbers of PCs. 1 PC, 2 PCs, 3 PCs, 4 

PCs, 5 PCs, and 10 PCs were added to the six models, and 5 target proteins were calculated using each model. The red 

square represents the mean values of the genomic inflation factor. 

Of the 38 SNPs identified from the literature, I found 14 SNPs in the neonatal genotype data 

(Table 2). After imputing SNPs for the MHC region, the number of SNPs found in my 

neonatal data remained the same. I performed association analyses between the 14 SNPs and 

the protein levels. Correspond to the number of SNPs found for each protein in my genotype 

data, I conducted 1 test for C1q, 4 tests for C3, 6 tests for C4, 1 test for CFB and 2 tests for 

CFH. 

At the statistically significant level of 0.05, I identified one SNP (rs4151669) associated with the 

complement factor B (CFB). Having 1 more A allele of the SNP is associated with 0.91 unit lower in 

the CFB level on the inverse-normal scale.  

Table 2. Single SNP association analysis in neonatal data 

SNP POS A1 BETA STAT P Protein 

rs12146727 12:7170336 A 0.24 0.78 0.44 C1q 

rs9332739 6:31903804 C -0.12 0.90 0.37 C3 

rs4151667 6:31914024 A -0.12  -0.90  0.37 C3 

rs4151669 6:31915144 A -0.12  -0.90  0.37 C3 

rs4151672 6:31919830 T -0.12  -0.90  0.37 C3 
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rs1634718 6:30972865 G -0.24  -0.99  0.33 C4 

rs8283 6:32083300 G -0.11  -0.46   0.65 C4 

rs16869834 6:32179709 G 0.08  0.17 0.85 C4 

rs3135353 6:32392877 T  0.45  1.30   0.17 C4 

rs2239805 6:32411376 G  0.35 1.19 0.24 C4 

rs58520479 11:62675063 A 0.05 0.18 0.86 C4 

rs4151669 6:31915144 A -0.91   -2.35  0.02 CFB 

rs10737680 1:196679455 C -0.13 -0.74 0.46 CFH 

rs6677604 1:196686918 A 0.03 0.12 0.91 CFH 
Column name: 

SNP: rsID of the SNP 

POS: position of the SNP (chromosome: position) 

A1: the tested allele studied by the association analysis, generally minor allele 

BETA: effect size of the SNP corresponding to the A1 

STAT: coefficient t-statistic 

P: p-value for the association test (H0 hypothesis is that Beta=0) 

Protein: outcome corresponding to each SNP 

3.4 Kinship inference 

I used the software KING for kinship inference and got a kinship matrix, which divided 

kinship into 5 levels, twins/duplicates, 1st-degree (parent-offspring/full siblings), 2nd-degree 

(half siblings), 3rd-degree (cousins) and unrelated individuals (Manichaikul et al. 2010). As 

can be seen from Figure 3, all individuals in the 67 samples used in this study are unrelated 

individuals, so the influence of kinship on this study does not need to be considered. 

 

Figure 3. Heatmap of the kinship matrix. Numbers 0–4 represent twins/duplicates, 1st-degree (parent-offspring/full 

siblings), 2nd-degree (half siblings), 3rd-degree (cousins) and unrelated individuals, respectively. The diagonal line 

belongs to the result calculated by the individual and itself, and it is a duplicate, which can be ignored. while all other 

paired individuals are shown as unrelated individuals. 

3.5 Imputation with BEAGLE 

Using BEAGLE to impute SNPs for the MHC region, from 6782 SNPs as the input, I got 

158322 SNPs after imputation.  I removed the poorly imputed SNPs, i.e., r2 0.6. R2 
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represent the imputation quality, which is the estimated squared correlation value between the 

allele dosage with the highest posterior probability and the true allele dosage of the SNP. The 

larger the r2, the higher the accuracy of genotype imputation. Because I am using a relatively 

small number of samples (67 samples), I kept the common variants with the threshold for the 

minor allele frequency (MAF) of 5%. As the result, I retained 33196 SNPs (21% of the total 

imputed SNPs). The Figure 4 shows the r2 distribution of the retained SNPs. It can be seen 

from the figure that the r2 of most of the retained SNPs is greater than 0.95, which indicates 

that the quality of the imputation is high and can be used for the haplotype determination. 

 

Figure 4. Distribution of the imputation quality value (r2). X-axis represents the number of SNPs. Y-axis represents 

the score R2 of the imputed SNP. 

3.6 Haplotype analysis within MHC region   

Using the specified parameters (Supplementary Methods S2), 996 haplotypes were identified. 

Figure 5 shows the distribution of the length of the identified haplotypes. The average length 

of the 996 haplotype is 4.31KB (min=0.002KB, max=165.375KB).) 96.4% of the haplotypes 

has its length in the smallest bin (from 0.002KB to 25KB). Figure 6 shows the distribution of 

the number of SNPs in the haplotypes. The average number of SNPs covered by the 

haplotypes is 31 (min=2 SNPs, max=1136 SNPs). 93.1% of the haplotypes has the number of 

SNPs covered in the smallest bin (from 2 to 100 SNPs). 
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Figure 5. The frequency distribution of haplotype length. The X-axis is the length of the haplotype, and the Y-axis is 

the frequency 

 

Figure 6. The frequency distribution of the number of SNPs contained in each haplotype. The X-axis is the number of 

SNPs covered in each haplotype; the Y-axis is the frequency. 

After using Bonferroni correction for multiple testing, 86 haplotypes remained significantly 

associated with the protein levels (21 haplotypes with c1q, 7 with C3, 2 with C4, 50 with CFB 

and 6 with CFH) (Table 3). 

In the Table 3, I also showed the genes closest to these haplotypes. The closest genes were 

identified within a physical distance of less than 20KB (except H377, H383, H446, H447, 

which are within a distance of 40KB). The haplotypes associated with target protein tend to 

cluster near these gene, such as c1q and HLA-DOA, c3 and HLA-B, c4 and HLA-DQA1, 

CFB and PSORS1C1, CCHCR1, PSORS1C3, HCG27, HLA-B and so on. This may imply 

that those haplotypes are connected to the protein levels via activities of the nearest genes; 
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however, this is beyond the scope of my study. The haplotypes associated with C1q are 

mostly clustered near the gene HLA-DOA, which is a chain of the heterodimeric HLA-DO. 

HLA-B is a member of the human leukocyte antigen family with many different variations, 

for example HLA-B27 has been shown to be associated with ankylosing spondylitis 

(Feldtkeller et al. 2003). The CFB gene is responsible for encoding the CFB protein. The full 

name of PSORS1C1 gene is psoriasis susceptibility 1 candidate 1, and some studies have 

shown that this gene may be related to rheumatoid arthritis (Sun et al. 2013). The CCHCR1 

gene, Coiled-Coil Alpha-Helical Rod Protein 1, is associated with skin steroidogenesis (Tiala 

et al. 2007) and is also considered a candidate gene for type II diabetes (Brenner et al. 2020). 

HCG27 (HLA Complex Group 27) is an RNA gene, and studies have shown that this gene is 

related to type II diabetes (Saeidi et al. 2018). The haplotype H840 has a significant 

relationship with several complement. H840 is located at chr6:32594217-32597172, which 

covers 2.95KB, and whose nearest gene is HLA-DQA1. 

I showed the location of these haplotypes in the Manhattan plots (Figure 7a-e). The 

haplotypes that were significantly associated with C1q protein mainly located in two regions, 

namely 29.3M-29.7M and 32.6M-33.1M, while the haplotypes significantly associated with 

CFB mainly located between 31.1M and 31.4M. But the haplotypes associated with the 

remaining proteins (C3, C4, CFH) did not show significant aggregation. 

Table 3. The significant results of haplotype association test after the Bonferroni correction 

LOCUS BETA R2 STAT P Protein Closest Gene 

H58 1.18 0.10 2.69 0.0091 C1q OR10C1,OR11A1 

H77 0.81 0.09 2.49 0.0153 C1q MOG 

H91 -0.49 0.09 -2.54 0.0135 C1q ZFP57 

H91 0.45 0.11 2.77 0.0073 C1q ZFP57 

H840 -1.45 0.12 -3.02 0.0036 C1q HLA-DQA1 

H942 0.54 0.09 2.59 0.0118 C1q BRD2 

H950 -0.67 0.15 -3.37 0.0013 C1q HLA-DQA 

H951 -0.59 0.12 -2.99 0.0039 C1q HLA-DOA 

H954 -0.64 0.14 -3.25 0.0019 C1q HLA-DOA 

H955 0.56 0.12 2.95 0.0045 C1q HLA-DOA 

H955 -0.64 0.14 -3.25 0.0019 C1q HLA-DOA 

H958 -0.64 0.14 -3.25 0.0019 C1q HLA-DOA 

H960 0.48 0.12 2.98 0.0041 C1q HLA-DOA 

H960 -0.64 0.14 -3.25 0.0019 C1q HLA-DOA 

H964 -0.61 0.13 -3.06 0.0032 C1q HLA-DPA1 

H965 -0.64 0.14 -3.25 0.0019 C1q HLA-DPA1 

H972 -0.54 0.14 -3.21 0.0021 C1q HLA-DPB2 

H974 -0.56 0.15 -3.38 0.0012 C1q HLA-DPB2 

H977 -0.67 0.17 -3.59 0.0006 C1q HLA-DPB2 

H980 -0.44 0.09 -2.59 0.0120 C1q COL11A2 

H981 -0.52 0.12 -2.91 0.0049 C1q COL11A2 
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H261 -0.54 0.14 -3.20 0.0022 C3 TRIM40 

H452 -0.27 0.12 -2.90 0.0053 C3 HLA-B 

H478 -0.22 0.08 -2.41 0.0188 C3 HLA-B 

H478 0.22 0.08 2.41 0.0188 C3 HLA-B 

H840 -0.67 0.17 -3.67 0.0005 C3 HLA-DQA1 

H867 -0.57 0.17 -3.55 0.0008 C3 HLA-DQA1 

H920 -0.58 0.10 -2.68 0.0093 C3 TAP2 

H840 -1.56 0.14 -3.24 0.0019 C4 HLA-DQA1 

H867 -1.41 0.16 -3.42 0.0011 C4 HLA-DQA1 

H311 -0.94 0.11 -2.84 0.0060 CFB PSORS1C1 

H313 -0.66 0.08 -2.34 0.0225 CFB PSORS1C1 

H313 0.66 0.08 2.34 0.0225 CFB PSORS1C1 

H323 -0.94 0.11 -2.84 0.0060 CFB CCHCR1 

H326 -0.94 0.11 -2.84 0.0060 CFB CCHCR1 

H328 -0.94 0.11 -2.84 0.0060 CFB CCHCR1 

H330 -0.94 0.11 -2.84 0.0060 CFB CCHCR1 

H331 -0.94 0.11 -2.84 0.0060 CFB CCHCR1 

H333 -0.96 0.12 -2.95 0.0045 CFB TCF19 

H335 -0.94 0.11 -2.84 0.0060 CFB POU5F1 

H338 -0.94 0.11 -2.84 0.0060 CFB PSORS1C3 

H340 -0.94 0.11 -2.84 0.0060 CFB PSORS1C3 

H342 -0.94 0.11 -2.84 0.0060 CFB PSORS1C3 

H345 -0.94 0.11 -2.84 0.0060 CFB PSORS1C3 

H346 -1.12 0.14 -3.28 0.0017 CFB PSORS1C3 

H347 -0.94 0.11 -2.84 0.0060 CFB PSORS1C3 

H352 -0.94 0.11 -2.84 0.0060 CFB HCG27 

H357 -0.61 0.10 -2.66 0.0097 CFB HCG27 

H358 -0.94 0.11 -2.84 0.0060 CFB HCG27 

H362 -0.94 0.11 -2.84 0.0060 CFB HCG27 

H364 -0.61 0.10 -2.66 0.0097 CFB HCG27 

H365 -0.61 0.10 -2.66 0.0097 CFB HCG27 

H367 -0.61 0.10 -2.66 0.0097 CFB HCG27 

H368 -0.61 0.10 -2.66 0.0097 CFB HCG27 

H371 -0.61 0.10 -2.66 0.0097 CFB HCG27 

H371 0.61 0.10 2.66 0.0097 CFB HCG27 

H377 -0.57 0.10 -2.66 0.0099 CFB HCG27 

H383 -0.94 0.11 -2.84 0.0060 CFB HCG27 

H446 1.45 0.15 3.36 0.0013 CFB HLA-C 

H446 -0.94 0.11 -2.84 0.0060 CFB HLA-C 

H447 1.45 0.15 3.36 0.0013 CFB HLA-B 

H451 -0.57 0.09 -2.48 0.0158 CFB HLA-B 

H461 1.45 0.15 3.36 0.0013 CFB HLA-B 

H462 1.45 0.15 3.36 0.0013 CFB HLA-B 

H464 1.45 0.15 3.36 0.0013 CFB HLA-B 

H475 -0.54 0.13 -3.06 0.0032 CFB HLA-B 
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H478 -0.57 0.09 -2.48 0.0158 CFB HLA-B 

H478 0.57 0.09 2.48 0.0158 CFB HLA-B 

H480 1.59 0.14 3.29 0.0017 CFB HLA-B 

H483 1.45 0.15 3.36 0.0013 CFB HLA-B 

H484 1.59 0.14 3.32 0.0015 CFB HLA-B 

H485 1.45 0.15 3.36 0.0013 CFB HLA-B 

H486 1.45 0.15 3.36 0.0013 CFB HLA-B 

H491 1.45 0.15 3.36 0.0013 CFB HLA-B 

H500 -0.63 0.09 -2.53 0.0138 CFB HLA-B 

H572 -0.70 0.12 -2.96 0.0042 CFB MICA 

H580 -0.65 0.10 -2.62 0.0110 CFB MICA 

H580 0.69 0.14 3.31 0.0015 CFB MICA 

H840 -1.55 0.14 -3.23 0.0020 CFB HLA-DQA1 

H867 -1.51 0.17 -3.52 0.0008 CFB HLA-DQA1 

H58 1.25 0.11 2.82 0.0064 CFH OR10C1,OR11A1 

H60 1.25 0.11 2.82 0.0064 CFH OR2H1 

H261 -1.46 0.15 -3.38 0.0012 CFH TRIM40 

H752 -1.19 0.12 -2.94 0.0045 CFH HLA-DRA 

H840 -1.44 0.12 -2.96 0.0043 CFH HLA-DQA1 

H867 -1.31 0.14 -3.12 0.0028 CFH HLA-DQA1 

Column name: 

LOCUS: ID of the haplotype 

BETA: effect size of the haplotype 

R2: proportion variance explained 

STAT: coefficient t-statistic 

P: p-value for the association test (H0 hypothesis is that Beta=0) 

Protein: outcome corresponding to each haplotype 

Closest Gene: gene closest to the haplotype. 
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Figure 7. Manhattan plot of haplotype associations test, a-e are the results of haplotype association analysis of 

complement proteins C1q, C3, C4, CFB and CFH, respectively. The X-axis is the location of the MHC region, and the 

Y-axis is the negative logarithm of the p-value. Each point in the figure represents a haplotype, in which the grey 

point represents the insignificant haplotype after Bonferroni correction, the red point is the significantly associated 

haplotype after Bonferroni correction, and the text in the box corresponds to the number of the haplotype. 

3.7 Comparison of SNPs effects between newborns and adults 

From the literature, I identified 38 SNPs that were associated with the target proteins (18 in 

the MHC region, 20 in the other regions). Among these 38 SNPs, 24 SNPs were not available 

in my genotype data from the neonatal population, and 3 SNPs cannot be compared because 

they are in different builds (hg19 for my data, hg18 for the previous study data). I compared 

the effects of the remaining 11 SNPs between my data (i.e., effect on neonatal protein levels) 

previous studies (i.e., effect on adult protein levels) (Table 4, Figure 8). 

When comparing the point estimates, most of the SNPs had opposite effects (i.e., opposite 

direction) among adults and neonates, except for the SNPs rs2239805 of C4 and rs6677604 of 

the CFH where having 1 more A1 allele increase the protein levels in both adult and neonates. 

However, majority of the SNPs effects showed overlapping CI or the CI in neonatal data 

contained the estimates in adult data. Except for the SNPs rs8283 of the C4, rs4151669 of the 

CFB, rs10737680 of the CFH, having 1 more A1 allele of these SNP associated with 

increased protein levels among adults but decreased protein levels among neonates with non-

overlapping CI (rs8283 and rs4151669) or CI in neonates did not contain the estimates in 

adults (rs10737680). 
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Table 4. The results of single SNP association test 

Pro rsID R_A1 R_A2 R_B R_CI P_A1 P_A2 P_B P_CI 

C1q rs12146727 A G  -0.59 [0.39,0.63] A G 0.24 [-0.36,0.84] 

C3 rs9332739 C G 0.05  C G -0.12 [-0.39,0.15] 

C3 rs4151667 A T 0.06  A T -0.12 [-0.39,0.15] 

C3 rs4151669 A G 0.06  A G -0.12 [-0.39,0.15] 

C3 rs4151672 T C 0.06  T C -0.12 [-0.39,0.15] 

C4 rs1634718 G A 0.32 [0.23,0.43] G A  -0.24 [-0.72,0.24] 

C4 rs8283 G A 0.49 [0.38,0.6] G A  -0.11 [-0.59,0.37] 

C4 rs2239805 G  0.41 [0.3,0.52] G T 0.35 [-0.22,0.92] 

CFB rs4151669 A G  1.17 [0.97,1.37] A G  -0.91 [-1.66,-0.15] 

CFH rs10737680 C A 0.50  C A  -0.13 [-0.49,0.22] 

CFH rs6677604 A  0.37  A G 0.03 [-0.42,0.48] 

Column name: 

Pro: Protein corresponding to each SNP 

rsID: SNP rsID 

R_A1: allele 1 of the SNP from literature 

R_A2: allele 2 of the SNP from literature 

R_B: BETA value (effect size) of the SNP corresponding to the R_A1 

R_CI: confidence interval of R_B 

P_A1: allele 1 of the SNP from this project 

P_A2: allele 2 of the SNP from this project 

P_B: BETA value (effect size) of the SNP corresponding to the P_A1 

P_CI: confidence interval of P_B 

 

Figure 8. The comparison of SNP effect of protein data between adults and newborns. The x-axis is the SNP effect in 

the adult population, and the y-axis is the SNP effect in the neonatal population of this project. The dotted line 

represents the effect value of 0. There are 11 points in the figure, which are 11 SNPs that can be compared. The colour 

of the point represents different complement proteins. 
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4 Discussion 

Complement proteins, as part of the human immune system, also play a role in human 

psychiatric disorders. Therefore, genetic analysis of complement proteins is necessary. 

Whereas previous genetic studies of human complement proteins have mostly focused on 

adults, this study focused on Swedish neonates to try to find locus associated with 

complement protein levels in the neonatal population. In this study, I explored the association 

loci of five complement proteins (C1q, C3, C4, CFB, CFH) and compared the effect 

differences of the SNPs in neonates and adults. I used single-SNP-based and haplotype-based 

approaches and found 86 haplotypes in the sample population associated with five 

complement proteins, one of which was associated with each of the five target proteins. The 

variants used in the single-SNP-based method were from previous studies in adult 

populations, this project found that some of the SNPs showed opposite effects in the two 

populations. 

When doing single marker association tests, I used the published SNPs associated with the 

target trait, a total of 14 SNPs, 1 SNP associated with C1q, 4 SNPs associated with C3, 6 

SNPs associated with C4, 1 SNP associated with CFB and 2 SNPs with CFH. These SNPs 

contributed to the target trait in the adult population but were indeed not significant in the 

neonatal population except rs4151669, which associated with the CFB. The reason for this 

result may be that there is age stratification between the neonatal group and the adult group, 

that is, there is indeed no association, but it is more likely that the experimental sample is too 

small, and the statistical power is insufficient.  

This study found that most of these SNPs had opposite effects in the two populations when 

comparing the point estimate results. However, the confidence intervals for the SNP effects in 

the neonatal population were larger, resulting in overlapping confidence intervals for the two 

populations. The large confidence interval may be due to the small sample size used in this 

study and the small effect size of the SNP. However, given that the point estimates for most 

SNPs show opposite effects, it is still possible that the effects of SNPs differ in the two 

populations. Taking the SNP rs12146727 associated with C1q as an example, previous studies 

have shown that the expression level of c1q gradually increases from the neonatal stage to the 

early childhood stage, and then slowly declines in the adult stage (Sager et al. 2021). The 

SNP effect of rs12146727 was 0.24 unit in neonates and -0.59 unit in adults, which consistent 

with the trend of C1q protein levels with age. 

Compared with the single marker association analysis, the use of haplotype for association 

analysis has greater advantages (Lorenz et al. 2010), and since the MHC region has been 

confirmed by GWAS to contain many variants associated with psychiatric disorders (Purcell 

et al. 2009; Stefansson et al. 2009; Gamazon et al. 2019) and the complement system (Rhodes 

et al. 2010; Suhre et al. 2017), this study constructed the MHC region. A total of 996 

haplotypes were constructed in this study, with lengths ranging from 0.002KB to 165KB. 
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After Bonferroni correction, a total of 86 haplotypes showed their significance. Among them, 

the haplotype numbered H840 located at chr6:32594217-32597172 was associated with C1q, 

C3, C4, CFB and CFH were all significantly associated, and the gene closest to H840 was 

HLA-DQA1. Currently, no studies have shown that HLA-DQA1 is associated with the levels 

of five target proteins, but late-onset Alzheimer's disease is associated with HLA-DQA1 

(Zhang et al. 2022). Therefore, these five complement proteins may be associated with late-

onset Alzheimer's disease. In addition, there were 50 haplotypes contributed to the CFB level, 

and these haplotypes located near the genes CCHCR1, PSORS1C3, HCG27 and HLA-B. 

Hypomethylation of the gene PSORS1C3 has been shown to be associated with major 

depressive disorder (Murphy et al. 2017), so the potential link between MDD and CFB is very 

possible to exist. I also tried searching if any research team had done a haplotype study 

associated with the target protein, but there were no similar studies, so I couldn't make a 

comparison. 

In order to support in the interpretation, some weaknesses of this study should be mentioned. 

First, the sample size is small, making it difficult to achieve statistical significance when 

performing an association analysis. Moreover, when performing haplotype determination, it is 

also difficult to accurately phasing due to the small sample size. When it is difficult to obtain 

a sufficient sample size due to experimental conditions, researcher can consider using META 

analysis to integrate data from multiple experiments to expand the sample size, but because 

the goal of this experiment is to explore the variants that contribute to the five complement 

proteins in the neonatal population, and there are few data in this area, it is difficult to META 

analysis was performed. If the association analysis based on single-marker and haplotype 

could find overlapping regions of significant signals, the confidence of the mapping results 

can be enhanced. 

As a step in genomic analysis, imputation is also very important for the result. A good 

imputation result can improve the accuracy of subsequent analysis, and both reference panel 

and methods will affect the quality of imputation. This study is limited by time and can only 

try limited reference data and software. Because the linkage disequilibrium in the MHC 

region is very complex and varies greatly among different populations, many studies 

comparing imputation methods have limited reference value. If the pros and cons of different 

methods can be compared in experimental samples, choose a more suitable if the tool is used 

for imputation, the accuracy of the association analysis will be higher. Likewise, estimates of 

haplotype are also affected by the complex linkage disequilibrium in the MHC region. The 

selection principle of haplotype is based on linkage disequilibrium, so future research can try 

different methods and parameters to divide haplotype more finely and improve the accuracy 

of associated loci. 

In conclusion, I performed the single SNP and haplotype association analysis of five 

complement proteins (C1q, C3, C4, CFB, CFH) in 75 Swedish neonates, and compared single 

SNPs in neonatal and adult populations effect difference. This study identified 86 haplotypes 

associated with target proteins in the MHC region. Among them, haplotype "H840" showed 



 

32 

 

significant association with five proteins. The present study also found that of the 11 SNPs 

compared, 3 SNPs exhibited opposite effects in the adult and neonatal populations. 
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Supplementary Tables 

Table S1. Parameters for SNP Information Correction Data. These parameters are used to 

download data for converting location and rsID information on the website 

https://genome.ucsc.edu/cgi-bin/hgTables. 

 
Parameter 

Clade Mammal 

Genome Human 

Assembly hg19 

Group Variation 

Track All SNPs (latest) 

Table All SNPs 

Region postition chr6:28477797-33448354 

 

Table S2. The information of 38 SNPs associated with five complement proteins obtained 

from literature search.  

Prot rsID Pos A1 A2 BETA P Gene Pubmed 

C1q rs12146727 12: 7063032 A G -0.51 2e-15 C1S 28240269 

C3 rs3753396 1:196726612 A  0.19 1.52E-09 CFH 33941608 

C3 rs11569470 19:6698443 G  0.18 1.41E-07 C3 33941608 

C3 rs4657825 1:196584321 A  0.17 1.1E-14  35078996 

C3 rs11569479 19:6696794 C  -0.23 5.8E-17  35078996 

C3 rs1047286 19:6713262 A  -0.27 6.9E-34  35078996 

C3 rs12405238 1:196661613 T G -0.03 4.56E-09 CFH 29029276 

C3 rs3753396 1:196695742 G A -0.04 1.63E-08 CFH 29029276 

C3 rs11801630 1:196692148 T C -0.04 2.11E-08 CFH 29029276 

C3 rs742855 1:196705520 C T -0.04 2.87E-08 CFH 29029276 

C3 rs1065489 1:196709774 T G -0.04 2.94E-08 CFH 29029276 

C3 rs70620 1:196704997 A G -0.04 8.11E-08 CFH 29029276 

C3 rs4151672 6:31919830 T C 0.06 3.55E-07 CFB, NELF 29029276 

C3 rs4151671 6:31918903 T C 0.06 3.55E-07 CFB 29029276 

C3 rs4151669 6:31915144 A G 0.06 3.69E-07 CFB 29029276 

C3 rs4151667 6:31914024 A T 0.06 4.07E-07 CFB 29029276 

C3 rs421941 20:15042599 T G 0.02 5.39E-07 MACROD2 29029276 

C3 rs9332739 6:31903804 C G 0.05 5.80E-07 C2-AS1, C2 29029276 

C3 rs10055801 5:43514996 T C 0.02 7.12E-07 C5orf34, 29029276 

C3 rs17201560 6:32047268 C T 0.06 8.69E-07 TNXB 29029276 

C4 rs805273 6:31697675 A G 0.70 5.00E-16 ABHD16A 28240269 

C4 rs8283 6:32115523 G A 0.49 2.00E-17 ATF6B 28240269 

C4 rs2239805 6:32443599 G  0.41 1.00E-12 HLA-DRA 28240269 

C4 rs1634718 6:31005088 G A 0.33 7.00E-11 
MUC21, MUC22 

28240269 
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C4 rs409558 6:31740370 C  0.39 1.00E-10 MSH5 28240269 

C4 rs3135353 6:32425100 C  0.40 2.00E-33 
TSBP1-AS1, 

HLA-DRA 
33941608 

C4 rs6459 6:32039848 T  0.45 8.04E-30 CYP21A2 33941608 

C4 rs16869834 6:32211932 A  0.47 2.29E-18 NOTCH4 33941608 

C4 rs9267822 6:32202630 C  0.61 7.15E-09 NOTCH4 33941608 

C4 rs805285 6:31711688 C  0.18 1.69E-10 
LY6G6F-

LY6G6D 
33941608 

C4 rs17208153 6:32226818 C  0.28 7.15E-11 
TSBP1-AS1, 

NOTCH4 
33941608 

C4 rs58520479 6:62907591 G  0.18 1.15E-06 
SLC3A2, 

CHRM1 
33941608 

CFB rs550513 6:31952910 T C 0.12 1E-19 NELFE 28240269 

CFB rs4151669 6:31947367 A G 0.03 6E-28 CFB 28240269 

CFH rs6677604 1:196717788 A  0.37 2.00E-13 CFH 28240269 

CFH rs10737680 1:196710325 C A 0.50 1.00E-36 CFH 28240269 

CFH rs35908703 1:196723810 C T -0.61 6.00E-12 CFH 28240269 

CFH rs670196 1:41997195 G A -1.83 1.45E-07  34260948 

Column name: 

Prot: outcome corresponding to each SNP 

rsID: rsID of the SNP 

POS: position of the SNP (chromosome: position) 

A1: the tested allele studied by the association analysis, generally minor allele 

A2: the other allele, generally major allele 

BETA: effect size of the SNP corresponding to the A1 

P: p-value for the association test (H0 hypothesis is that Beta=0) 

Gene: the closest gene to the SNP 

Pubmed: reference ID 

 

Table S3. The statistical description of data after transformation. 

Protein mean median SD IQR SW_pvalue AD_pvalue 

c1q 1.00 0.00 1.00 1.33 1.00 1.00 

c3 1.67 1.70 0.34 0.42 0.79 0.50 

c4 1.00 0.00 1.00 1.33 1.00 1.00 

factorb 1.00 0.00 1.00 1.33 1.00 1.00 

factorh 1.00 0.00 1.00 1.33 1.00 1.00 

Column name: 

Protein: outcome corresponding to each SNP 

mean: mean value of the protein level 

median: median value of the protein level 

SD: the standard deviation of the protein level 

IQR: he interquartile range 

SW_pvalue: the p value of the Shapiro–Wilk test 

AD_pvalue: the p value of the Anderson–Darling test 
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Supplementary Figures 

 

Figure S1a. Histogram of protein data before transformation. The x-axis is the protein level, and the y-axis is the 

frequency. 

 

Figure S1b. QQ plot of protein data before transformation 
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Figure S2. Histogram of protein data after transformation. The x-axis is the protein level, and the y-axis is the 

frequency. 
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Supplementary Methods 

File S1. Scripts of main steps 

## PCA 

plink --bfile qc1_sample --pca header --out pca 

 

## inverse-normal transformation 

INT <- function(x){ 

  qnorm((rank(x,na.last="keep")-0.5)/sum(!is.na(x))) 

} 

 

## single SNP association test 

for protein in "c1q" "c3" "c4" "factorb" "factorh" "c1q_pc" "c3_pc" "c4_pc" "factorb_pc" 

"factorh_pc" 

do 

  pheno_file="./data_for_asso/Protein/pheno_$protein.txt" 

  model_pc="./result/[$protein]_association_test" 

  out_snp="./data_for_asso/SNP/snp_$protein" 

  plink --bfile $out_snp --pheno $pheno_file --pheno-name $protein --covar pca.eigenvec --

covar-name PC1,PC2,PC3 --out $model_pc --linear --vif 100 --hide-covar 

done 

 

## pre-phasing 

java -Xmx1000m -jar ../beagle.jar unphased=PKU_MHC_clean.bgl missing=. 

out=PKU_MHC_pre_phasing log=PKU_MHC_pre_phasing 

 

## strand check 
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python check_strands.py ../PKU/MHC_REF ../PKU/PKU_MHC_clean my_outputMHC 

 

## imputation with beagle 

nohup java -jar beagle.jar markers=./PKU/MHC_REF.markers 

phased=../Data/MHC_EUR_REF_v2.bgl.phased 

unphased=./PKU/PKU_MHC_pre_phasing.bgl missing=. log=imputation & 

 

## haplotype determination 

plink --bfile MHC_PKU_imputed --blocks no-pheno-req no-small-max-span --blocks-max-kb 

200 --blocks-strong-lowci 0.7 --blocks-strong-highci 0.98 --blocks-recomb-highci 0.9 --out 

PKU_MHC_v1 

 

File S2. Inverse normal transformation method 

𝐼𝑁𝑇(𝑢𝑖) =  Φ−1 {
𝑟𝑎𝑛𝑘(𝑢𝑖) − 𝑘

𝑛 − 2𝑘 + 1
}  

where Φ^(-1) is the probability function and k ∈ ( 0 , 1 / 2 ) is an adjustable offset. 

 

 

 

 

 

 

 


