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Abstract 

In the current environment of severe climate change, studying the adaptability of Norway spruce 

to the environment, that is, local adaptation is of great significance for helping to protect forest 

tree species and genetic breeding. As a structural variation, copy number variations (CNVs) have 

been proved to play an important role in shaping population structure and local adaptation in 

marine species, going beyond traditional studies focusing only on SNPs. Therefore, this 

experiment was to investigate the association of genotypes, including CNVs and SNPs, with local 

adaptation in Norway spruce. About 5.631% of CNVs were screened from SNPs, and the 

population structure of Norway spruce was detected based on the data of SNPs and CNVs. Then, 

the associations between genotypes (SNPs and CNVs) and the environmental variables are 

calculated by the model, considering the effects of population structure. Finally, the relationship 

between CNVs and SNPs and local adaptation of Norway spruce was investigated by redundancy 

analysis (RDA). The results preliminarily revealed that SNPs and CNVs had certain effects on 

the local adaptation of Norway spruce and a significant correlation with various environmental 

factors. However, the results indicated comparing to SNPs, CNVs had no significant effect on the 

local adaptation of Norway spruce. 
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1 Introduction 

Local adaptation significantly reflects the differences in the adaptability of plant populations to 

environmental impacts (Hoban et al., 2016). It arises from the fact that plant populations will face 

various biotic and abiotic stresses when they are distributed in different environments (Crémieux 

et al., 2008). Under such stress, the selective pressure of differentiation among the populations 

may drive their adaptive evolution in various directions. Therefore, a comprehensive assessment 

of local adaptation can help to study the expression of genes in different environments and the 

impact of the environment on the genes (Savolainen et al., 2013). Local adaptation is an 

evolutionary process in which biological populations acquire different phenotypic optima by 

responding to the local environment of the habitat. The whole process involves the interaction of 

genotype, environment and phenotype (Goto et al., 2017). Furthermore, local adaptation is highly 

widespread in forest tree species. Under the challenge of nowadays rapid global climate change, 

the research on local adaptation of trees will have important value for the genetic breeding of 

forests, the management and utilization of forest resources, and the prediction of the potential of 

tree species to sustain natural changes (Root et al., 2003; Walther et al., 2002).  

Norway spruce (Picea abies) is the dominant forest tree species in Scandinavia and is of major 

economic interest. In recent years, assisted migration (assisted gene flow) has been proposed to 

address the effects of climate change on plants (Aitken & Whitlock, 2013). The idea is to pre-

adapt to the new environment by transferring species or populations from warm, dry 

environments to cold, wet environments. This approach allows alleles from southern populations 

to introgress into northern populations to speed up their adaptation to new climatic conditions 

(Milesi et al., 2019). Hence, an extensive breeding program of Norway spruce has been started in 

the 1950s to improve phenotypic traits of interest and resistance to harsh environment (Myking et 

al., 2016). In order to have enough material for the breeding program, seeds from the whole 

species range of Norway spruce from Belarus, Czech Republic, Slovakia, Romania, Germany, 

and the Baltic region were gathered and planted in provenance tests, especially in southern 

Sweden (Chen et al., 2019; Jansen et al., 2017). The breeding program can thus be seen as an 

extensive common garden to test for local adaptation (Milesi et al., 2019).  

In modern evolutionary and ecological studies, local adaptation is often studied by analyzing 

genomic data (Hoban et al., 2016; Savolainen et al., 2013). Single Nucleotide Polymorphisms 

(SNPs) are widely studied and are often used as genetic markers to study local adaptation (Morin 

et al., 2004; The International SNP Map Working Group et al., 2001). However, with the 

deepening of genomic research, structural variants (SVs) have received more attention. SVs 

explain a larger diversity than SNPs alone and typically the variation regions of them are 

approximately 1 kb or greater (Redon et al., 2006; Wellenreuther et al., 2019). SVs is a generic 

term gathering deletions, translocations, chromosome fusions/fissions, duplications, insertions, 

inversion, and polyploidy (Mérot et al., 2020). Among them, insertions, deletions, and 

duplications can also be called copy number variations (CNVs) as they modify the gene dosage 
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which can have profound effects on gene function and also the adaptation of an organism to the 

environment (Clop et al., 2012; Wellenreuther et al., 2019).  

CNVs is an important source of genetic variation, they are widely spread in animal and plant 

genomes, so much that the total number of nucleotides covered by them far exceeds the total 

number of single nucleotide polymorphisms (SNPs) (Dorant et al., 2020). The existence of CNVs 

greatly enriches the diversity of genetic variation in the genome and has extremely important 

biological significance for species evolution, gene expression, and regulation in specific regions 

of the genome (Clop et al., 2012). Studying CNVs could allow comprehensive view of adaptation 

together with SNPs (Dorant et al., 2020; Levy et al., 2007). However, the current research on 

CNVs has certain difficulties, mainly due to the use of Next-generation sequencing (e.g., RAD-

Seq, Exome capture, etc.), which is characterized by dividing the genome into short contigs for 

sequencing. Therefore, the sequencing results obtained in this way lead to the loss of information 

about the genome structure (McKinney et al., 2017), so McKinney et al. (2017) developed a 

method for CNVs detection base on using the read depth of SNPs. According to this method, in 

the study of local adaptation of lobster species, Dorant et al. (2020) showed that CNVs 

outcompeted SNPs to describe population structure with an unprecedented resolution and to 

explain adaptation to temperature. In the study of local adaptation of lobster species, Dorant et al. 

(2020) showed that CNVs outcompeted SNPs to describe population structure with an 

unprecedented resolution and to explain adaptation to temperature.  

This study was designed to explore the potential of CNVs in local adaptation of Norway spruce 

by simultaneously comparing SNPs and CNVs variation patterns in relation to the environment. 

Norway spruce can be considered as an ideal biological model for investigating the role of CNVs 

in adaptation as it has a giga-genome (20GB, Nystedt et al., 2013) with many repeated elements. 

In addition, the provenance test from the Swedish breeding program represents the situation for 

local adaption in real life common garden.  

This project is a pilot study, on a reduced dataset, aiming at estimating computational time, 

approach feasibility and developing pipeline. First, we detected SNPs from exome sequencing 

data results and estimated CNVs using a still under development algorithm (rCNV, R package, 

Piyal Karunarathne, Qiujie Zhou, and Pascal Milesi). Then, the population structure of Norway 

spruce was explored based on the genetic data, and combined with environmental data, to 

separate the impact of SNPs and CNVs of Norway spruce adaptability. The expected result was 

to screen out about 5% to 10% of CNVs (Wellenreuther et al., 2019), then compare the results of 

all SNPs and singletons that exclude duplicates to determine whether it is necessary to exclude 

CNVs to improve the accuracy of research on genotype and environment association study. 

Moreover, compare the differences between SNPs and CNVs in relation to the environment, 

especially whether CNVs have a more significant effect on the local adaptation of Norway spruce 

as found in the marine species by Dorant et al. (2020).  
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2 Material and methods 

2.1 Sample collection 

The needles of 140 young Norway spruce from different populations were sampled. The location 

information of 83 individuals was missing. The rest comes from populations located between 

45.9°N to 64.0°N latitude and 11.1°E to 60.8°E longitude. As shown in FIGURE 1, most of the 

missing coordinates are from the trees belonging to the alpine domain (ALP). However, missing 

location data will not significantly affect subsequent research: comparison of the genetic 

clustering of the individuals was consistent with that of Milesi et al., 2019. Consequently, we will 

use the coordinates mentioned in the study from Milesi et al., (2019) for the trees from the Alpine 

domain. 

 

FIGURE 1 The original location of the Norway spruce. The dots correspond to populations location, colors to the 

different genetic clusters. ALP (missing location information), Alpine region; CEU (yellow), Central Europe; CSE 

(green), Central and Southern Sweden; NFE (cyan), Northen Sweden; NPL (blue), Northern Poland; ROM (violet), 

Carpathian Mountains region; Rus-Bal (pink), Russia-Baltic Sea region. 
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2.2 Processing sequencing files, SNPs calling and SNPs filtering 

The samples were sequenced using exome capture technology (40K probes, targeting 24K 

genes). After obtaining the original sequencing file (fastq file), the bam file was obtained after 

sequence alignment and sequencing depth calculation. For SNPs calling and filtering, the first 

step was to use the HaplotypeCaller module in GATK/4.0.8.0 to convert the bam file to a gvcf 

file. HaplotypeCaller can simultaneously search for SNPs and INDELs by locally reassembling 

active regions (that is, regions that differ more from the reference genome). HaplotypeCaller will 

first infer the haplotype combination of the population, calculate the probability of each 

combination, and then infer the genotype combination of each sample based on this information. 

Afterwards, in order to improve the reliability of variant loci and exclude some sequencing 

errors, we performed filtering following these criteria: (1) markers with more than 10% missing 

data; (2) individual missingness; (3) Minor Allele Frequency (MAF) less than 0.01; (4) Hardy-

Weinberg equilibrium (HW) less than 0.001. 

2.3 CNVs calling and filtering 

We use the R package rCNV developed by Piyal Karunarathne, Qiujie Zhou, and Pascal Milesi 

(https://github.com/piyalkarum/rCNV) to detect SNPs putatively located in copy number 

variations. This package combines the information from excess of heterozygotes in comparison to 

expectations under Hardy-Weinberg equilibrium with that of allelic depth ratio in heterozygote. 

For regular SNPs, the depth of coverage (i.e., number of reads mapping to a same position in the 

genome) in heterozygotes should be balanced: as many reads should map on the reference and on 

the alternative allele. The package implements a Z-score approach to identify SNPs for which the 

allele ratio significantly deviates from 0.5. SNPs are then further classified as “singleton” in the 

sense that they are in putative mono-copy region and “duplicates”. Then, according to the 

classification, I used GATK/ 4.0.8.0 SelectVariants to select independently both categories of 

SNPs and follow-up experiments were carried out to compare and analyze the association of 

CNVs (duplicates) and SNPs to the environment. 

2.4 Population genetic clustering 

The first step was to perform population structure analysis using SNPs. ADMIXTURE/1.3.0 was 

used to study the population structure, specifying K values from 2 to 10. The K value with the 

lowest cross-validation error (CV) can be applied to determine a more accurate description of the 

number of ancestral populations (Alexander et al., 2009). The Admixture results will all be 

plotted in R using bar plot. EIGENSOFT v6.1.4 was used to perform the Principal components 

analysis (PCA) on the genetic variation of Norway spruce (Galinsky et al., 2016). PCA is a 

multivariate statistical technique that is nowadays widely applied to analyze genetic data 

(Cavalli-Sforza, 1966). The reason for performing PCA is that the source of ancestors is diverse, 

and the frequency of SNPs in different populations is different. If the influence of PCA is not 

https://github.com/piyalkarum/rCNV
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considered, there will be false positive loci in the subsequent association analysis. Alternatively, 

the significant signal loci are not necessarily related to the environment but may be related to 

differences in population variation in SNP frequencies. Therefore, it is necessary to have a PCA 

analysis on the population before the environment association analysis, and then add the PCA 

results as a covariate to the association analysis. The PCA analysis was repeated as described 

above for the singletons results after calling CNVs, however, for the CNVs (duplicates), PCA 

analysis was performed using the R packages of "FactoMineR" and "factoextra". The PCA results 

will all be plotted in R using ggplot2. 

2.5 Genotype–environment association study (GEA) 

Bioclimatic data was downloaded from CHELSA (https://chelsa-climate.org/), and the PCA 

results and geographic coordinates of the populations were used as covariates (Capblancq & 

Forester, 2021). The time range covered by the data is 1981-2010. 72 environment data are 

selected in the bio folder. After calculation and screening, the environmental variables with the 

greatest correlation with SNPs, singletons and CNVs (duplicates) were obtained. In general, 

research of GEA based on Bayesian model aims to explore the association between population 

allele variation and environmental variation, but Bayesc-env compares the outlier loci affected by 

environmental and non-environmental factors and focuses on the detection of the whole genome. 

Bayesc-env is mainly used to detect the SNP loci that are significantly correlated between allele 

frequencies and environmental changes (Aguirre-Liguori et al., 2017; De Mita et al., 2013). 

Compared with these two methods, Redundancy analysis (RDA) is a more advantageous method 

for analyzing GEA, which is actually a constrained principal component analysis. RDA can be 

applied to explore the association between genotype and environment accurately, and it is a 

vigorous tool to study the genetic basis of local adaptation (Forester et al., 2018). RDA can be 

used to analyze the relationship between environmental and genetic data. First with the help of 

multivariate linear regression, a matrix of fitted values is generated. The second step is to produce 

constrained axes with the PCA of the fitted values (Forester et al., 2018; van den Wollenberg, 

1977). Variable data for SNPs is derived from allele frequencies, while CNVs are derived from 

sequencing depth, which means when using different genotypes for RDA studies, the input files 

are different.  

3 Results 

As indicated in FIGURE 2, after calling CNVs, from all SNPs of 140 Norway spruce individuals, 

42480 duplicates loci were obtained from 754444 SNPs according to the algorithm (z.het), and 

CNVs accounting for about 5.631%. The z.het algorithm selects an expected allele ratio, for 

example, for a heterozygous individual, the expected A/T ratio during sequencing is 1:1, 

therefore the expected allele ratio value is 0.5 (McKinney et al., 2017). However, there will be 

natural biases generated by probes during sequencing, consequently the z.het algorithm is 

designed to eliminate biases caused by miss-matches. Then the classification of singletons and 
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duplicates will be obtained, and then according to this classification, the population structure of 

the singletons and duplicates (CNVs) are also analyzed by PCA.  

 

FIGURE 2 Characterization of duplicates effect over the SNPs. A bivariate scatterplot shows the distribution of 

754444 SNPs, with the allele median ratio deviation (y-axis) for heterozygotes plotted against the proportion of 

heterozygotes (x-axis). The median ratio describes the deviation from the expected allele ratio (1:1) for heterozygotes. 

Red dots represent duplicates and blue dots represent singletons. 

The K value with the lowest cross-validation error (CV) can be seen as the best theoretical number 

of ancestral populations (Forester et al., 2018; van den Wollenberg, 1977). Unfortunately, the 

experiment uses the populations from the same tree species, Picea abies, which means they have a 
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close relationship in the ancestral structure. Moreover, the CV value increases with the growing of 

the K value, which result in the lowest CV cannot be taken out. In addition, according to the 

Admixture plot, FIGURE 3, it can also be seen that when the K value is taken from 2 to 10, no 

clear cut can be drawn. However, it clearly shows that the main population structure follows a 

latitudinal gradient. Compared with the ALP and CEU populations at low latitudes, the NFE and 

CSE populations at high latitudes can clearly distinguish the population structure.  

 

FIGURE 3 Admixture plots of Norway spruce (Picea abies). The results respectively demonstrate from K value = 2 

to K value = 10. Each vertical bar represents an individual, the origin of the sample is represented along the X-axis, 

and the Y-coordinate represents the proportion of the ancestral component in the individual relative to the rest of the 

population.  
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FIGURE 4 Principal components analysis (PCA) of Norway spruce. The picture indicates the PCA of all SNPs (A), 

the PCA of singletons after calling CNV (B), and the PCA of CNVs (C). The seven different colors correspond to 

different gene clusters, and two first principal components are as shown. 

The genetic structure of the Norway spruce (Picea abies) populations can be preliminarily 

understood through the results of Principal components analysis (PCA). Usually, the closer the 

linear distance two populations in PCA shows the closer the genetic relationship. As can be seen 

from FIGURE 4A, the 140 Norway spruce samples can be roughly divided into seven 

populations, which is consistent with the population structure results obtained in the study from 

Milesi et al., (2019) that used 1545 Norway spruce individuals’ data as samples. FIGURE 4B 

shows the population structure results for singletons, SNPs with CNVs removed, and FIGURE 

4C refers to the PCA results of CNVs (duplicates). Afterwards, the data of population structure 

from the PCA results were used as the covariate to participate in the subsequent redundancy 

analysis (RDA), which is an analysis method that can be used to study the relationship between 

genotype and environment (Forester et al., 2018).  
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In the association analysis between all SNPs and the environment, bio9 and gsl were calculated 

and screened out from 72 environment variables. The meaning of the specific environment 

variables can be found in TABLE1. However, CNVs have a more significant association with bio2, 

but RDA cannot be generated when there is only one environment variable. Therefore, in the 

FIGURE 5, bio9 and gsl are also taken into account.  

TABLE 1 The environmental variables, unit and explanation are displayed in the first column in order. The scale 

and offset are stored internally in the tiff files (GeoTIFF). 

Env-variables unit  explanation 

bio9  °C  The driest quarter of the year is determined  

gsl number of days Length of the growing season 

bio2 °C Mean diurnal range of temperatures averaged over 1 year 

 

The association between genotype and environment can be seen from FIGURE 5 that the blue dots 

are outliers, which means these loci show a close relationship with the environment variables. 

Therefore, the simple RDA analysis of all SNPs with the environment variables (FIGURE 5A) is 

basically consistent with the simple RDA results of singletons without the influence of CNVs 

(FIGURE 5B). And in FIGURE 5C, the CNV result, which has obvious correlation with the diurnal 

air temperature of the environment (bio2).  

Hereafter, Quantile-Quantile Plots (Q-Q plot) of p-values is applied to judge whether the sample 

points conform to the probability distribution, to verify the results of RDA, and the results are 

shown in FIGURE 6. The part below the gray dotted line indicates that these loci environment 

variables are independent, while the loci indicated by the blue dots are correlated with environment 

variables. The results of the Q-Q plot can also verify the accuracy of the simple RDA results.  

However, for the study of genotype-environment association, results from simple RDA are not 

enough. In general, Simple RDA did not exclude the influence of population structure, while Partial 

RDA may caurse overfit. Therefore, it is necessary to combine both Simple RDA and Partial RDA 

will obtain a more accountable result (Forester et al., 2018).  
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FIGURE 5 Simple redundancy analysis (RDA). (A) simple RDA of all SNPs associated with the environment. (B) 

simple RDA of singletons associated with the environment. (C) simple RDA of CNVs associated with the 

environment. Blue dots represent the outliers. 
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FIGURE 6 Quantile-Quantile Plots of observed versus expected p-values. For each locus, control population structure, 

expressed as a function of the expected -log10 p-value assuming a uniform distribution. (A) Q-Q plot of all SNPs 

associated with the environment. (B) Q-Q plot of singletons associated with the environment. (C) Q-Q plot of CNVs 

associated with the environment. Blue dots represent the outliers. 

The purpose of a partial redundancy analysis (partial RDA) is to attempt to eliminate the effect of 

one or more explanatory variables on a set of response variables in a standard RDA (Forester et 

al., 2018). FIGURE 7 indicates the overlap of partial RDA and simple RDA, which represents the 

more accurate genotype and environment associations results which exclude the impact from the 

population structure. Therefore, we identified simple and partial RDAs as outliers, i.e., the 

highest hits per contig, all SNPs with 8 overlapping loci, singletons with 2 loci, and finally CNVs 

with no overlapping loci (FIGURE 7). These loci were used as multivariate responses in the 

Adaptive enriched RDA (FIGURE 8) using 2 selected bioclimatic variables (gsl and bio9, 

detailed information can be seen in the TABLE 1) as explanatory variables. Following the 

calculations of Steane et al. (2014), the environmental variable scores along the RDA axis were 
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used to calculate a genetic-based fitness index for each environmental pixel. 

 

FIGURE 7 Overlap of partial RDA and simple RDA results. (A) Overlap of all SNPs. (B) Overlap of singletons. (C) 

Overlap of CNVs.  

  

FIGURE 8 Adaptively enriched genetic space of Norway spruce showing association between adaptive loci and 

climatic drivers of adaptation. (A) Adaptively enriched RDA space of all SNPs associated with the environment. (B) 

Adaptively enriched RDA space of singletons associated with the environment. 
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4 Discussion 

4.1 Calling CNVs from SNPs 

As shown in FIGURE 2, after calling CNVs, from all SNPs of 140 Norway spruce individuals, 

42480 copy number variation (CNV) were obtained from 754444 SNPs according to the 

algorithm (z.het), and CNVs accounted for about 5.631%, which was in line with the expected 

value (McKinney et al., 2017; Wellenreuther et al., 2019). However, there is no significant 

impact of CNVs on population structure. A possible explanation is that the correction factor 

implemented in the z.het algorithm from the rCNV package is too strong and several / many 

CNVs could have been filtered out, in a sense the algorithm is too conservative. If the best 

algorithm for calling CNVs of Norway spruce can be compared and analyzed, more CNVs may 

be obtained for the further study. 

4.2 Population structure of Norway spruce 

Based on the results of Admixture and PCA, Norway spruce can be divided into 7 populations, 

ALP, CEU, CSE, NFE, NPL, ROM and Rus-Bal, which is consistent with the population 

structure results obtained in the study from Milesi et al., (2019) that used 1545 Norway spruce 

individuals (Picea abies) as the samples. Moreover, the population distribution is consistent with 

their gene origin, and subsequent genotype-environment association studies will consider 

population structure as a variable. The lowest CV value cannot be found in Admixture, but it can 

be seen from FIGURE 3 that when the K value is equal to 6 to 8, the grouping is relatively clear. 

The main reason why populations are not clustered may be the relatively small amount of data, 

with only 140 individuals. We suggest more individuals to be sampled for subsequent research. 

The PCA of the singletons (FIGURE 4) obtained after screening was similar to the PCA results 

of all the SNPs, indicating that in our data, the CNVs had little effect on the population structure. 

However, there are other possibilities for the PCA results of CNVs (FIGURE 4C). First, the 

method of calling CNVs has defects, because CNVs are genetic copies and are a kind of genetic 

information, but the way we measured CNVs is only based on sequencing depth, which partially 

reflects the true genetic copy number (McKinney et al., 2017). Second, 140 individuals are too 

small for population studies resulting in even fewer CNVs after filtering (Chen et al., 2019; 

Milesi et al., 2019). Finally, these CNVs may be ubiquitous (all samples having the exact same 

number of copy) in all populations of this Norway spruce, making it impossible to identify 

population structure based on CNVs. 

4.3 Relative association of CNVs and SNPs to environment in Norway spruce 

According to FIGURE 5 and FIGURE 6, it is easy to see that one CNV after screening has a 

strong correlation with the mean diurnal air temperature range. But after the partial RDA and 

simple RDA results crossed, this locus disappeared (FIGURE 7C). This approach is to obtain 
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more significant results (Capblancq & Forester, 2021; Forester et al., 2018), but here, in the case 

of only one CNV, this locus still has some significant effects on the local adaptability of Norway 

spruce. Besides, adaptively enriched RDAs show genetic markers are correlated with different 

bioclimatic variables, and bioclimatic variables are correlated with each other (FIGURE 8). In 

fact, most of all SNPs and singletons clustered on RDA1 (85% RDA1 and 72% RDA1 from 

FIGURE 8), which can be seen to correlate with driest quarter of the year and length of the 

growing season (TABLE 1). This can explain the relationship between these SNPs and the 

environment to a certain extent. Compared with using all SNPs, applying only singletons except 

for the influence of CNVs will have result in more accurate loci. Therefore, it is necessary to 

consider the influence of CNVs in the research. 

5 Conclusion 

This experiment is a preliminary study, limited by the amount of experimental data, only a certain 

degree of results can be obtained. According to the sequencing depth, the CNVs obtained after 

screening and filtering accounted for about 5.631% of the total SNPs of Norway spruce, and 

these CNVs basically did not affect the population structure classification of Norway spruce. 

However, from the results of genotype and environmental analysis, SNPs and CNVs can have a 

certain impact on the environmental adaptability of Norway spruce, and SNPs were significantly 

correlated with mean daily mean air temperatures of the driest quarter and length of the growing 

season. However, CNVs were associated with mean diurnal air temperature. Compared with 

SNPs, CNVs did not significantly affect the local fitness of Norway spruce. However, as a pilot 

study, it can be proved that the effect of eliminating CNVs is of great significance for the study of 

the association between genotypes and the environment. If more in-depth and comprehensive 

conclusions are required, the sample size can be increased for subsequent analysis. 
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Appendix 1 Table of mean geographic coordinates for each population 

Populations Latitude Longitude 

ALP 47.90000 9.70000 

CEU 49.15882 19.83149 

CSE 58.30765 14.55647 

NFE 61.44000 15.72765 

NPL 50.02899 23.61948 

ROM 49.25907 24.16702 

Rus-Bal 54.58208 27.74167 

 

 

 


	Abstract
	1 Introduction
	2 Material and methods
	2.1 Sample collection
	2.2 Processing sequencing files, SNPs calling and SNPs filtering
	2.3 CNVs calling and filtering
	2.4 Population genetic clustering
	2.5 Genotype–environment association study (GEA)

	3 Results
	4 Discussion
	4.1 Calling CNVs from SNPs
	4.2 Population structure of Norway spruce
	4.3 Relative association of CNVs and SNPs to environment in Norway spruce

	5 Conclusion
	Acknowledgement
	References

