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Abstract 18 

Background. Estimating relatedness is an important step for many genetic study designs. A 19 

variety of methods for estimating coefficients of pairwise relatedness from genotype data 20 

have been proposed. Both the kinship coefficient 𝜑 and the fraternity coefficient 𝜓 for all pairs 21 

of individuals are of interest. However, when dealing with low-depth sequencing or 22 

imputation data, individual level genotypes cannot be confidently called. To ignore such 23 

uncertainty is known to result in biased estimates. Accordingly, methods have recently been 24 

developed to estimate kinship from uncertain genotypes.  25 

Results. We present new method-of-moment estimators of both the coefficients 𝜑 and 𝜓 26 

calculated directly from genotype likelihoods. We have simulated low-depth genetic data for 27 

a sample of individuals with extensive relatedness by using the complex pedigree of the known 28 

genetic isolates of Cilento in South Italy. Through this simulation, we explore the behaviour of 29 

our estimators, demonstrate their properties, and show advantages over alternative methods. 30 

A demonstration of our method is given for a sample of 150 French individuals with down-31 

sampled sequencing data. 32 

Conclusions. We find that our method can provide accurate relatedness estimates whilst 33 

holding advantages over existing methods in terms of robustness, independence from 34 

external software, and required computation time. The method presented in this paper is 35 

referred to LowKi (Low-depth Kinship) and has been made available in an R package 36 

(https://github.com/genostats/LowKi). 37 

Keywords: Kinship, fraternity coefficient, low-depth, sequencing data, genotype likelihoods, 38 

moment estimators. 39 

 40 
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Background 41 

Accurate estimates of genetic relatedness between individual organisms are essential for a 42 

wide range of study designs and analyses strategies currently at play in plant, animal, or 43 

human genetics. These coefficients that describe the similarity and extent of shared origin 44 

between genomes may currently be estimated in a large variety of ways and a multitude of 45 

methods have been proposed. One’s data characteristics and envisaged analyses will dictate 46 

the most appropriate method to be used. For overviews of the current options for relatedness 47 

estimation, and its utility, we point the reader to (1–4) and references therein.  48 

In recent years the cost of whole-genome sequencing (WGS) has continued to tumble. 49 

Accordingly, more and more study designs have emerged that require large sample sizes to 50 

power their analyses. The depth of sequencing carried out over a large sample will have a 51 

significant effect on a researcher’s budget. Whilst the accuracy of genotyping is highly 52 

dependent on the depth (5), there are often more advantages to being able to sequence a 53 

large number of individuals but at a low depth. Recent high profile association studies using 54 

this approach include (6) and (7). Indeed, low-depth sequencing data was used in many of 55 

cohorts participating in the Haplotype Reference Consortium panel (8). Furthermore, shallow 56 

sequencing is often unavoidable in the expanding field of ancient DNA, where the possibilities 57 

of sequencing DNA from remains of long deceased organisms (9) are being widely explored. 58 

Whilst technological advances allow for greater and greater accuracy in this field, in some 59 

circumstances, sequencing to a high depth may simply not be feasible due to the paucity of 60 

available genetic material. Another area where genetic material of high quality might be 61 

difficult to ascertain is in the study of wild animal populations where DNA is collected from 62 

more challenging sources such as hair, feathers, egg membranes or similar (10).    63 
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In adaptation to this recent trend of low-depth sequencing studies, a number of methods have 64 

been proposed to estimate relatedness coefficients from such datasets. The specificity of 65 

these methods is that they work upon genotype likelihoods or posterior probabilities, thus 66 

incorporating the uncertainty of genotype calls. These include Hidden Markov Model (HMM) 67 

based methods, maximum likelihood expectation based methods, and method-of-moment 68 

estimates. The former two approaches can be computationally heavy while moment-based-69 

estimators present a quick and simple alternative. However, the loss of information entailed 70 

by analysing genotype likelihoods as a proxy for true genotypes will lead to biased estimates 71 

of relatedness which methods using moment-based-estimators need to account for. 72 

Moment-based methods have so far only been developed for estimation of the kinship 73 

coefficient and the one software that performs this estimation requires an intermediate step 74 

from an existing HMM method. We propose here LowKi, a method to directly estimate genetic 75 

relatedness matrices from genotype likelihoods in a single step, which has now been 76 

incorporated into the genetic data management and analysis R-package ‘Gaston’ (11). LowKi 77 

calculates moment estimates of relatedness in the form of a genetic relatedness matrices 78 

(GRMs) with suitable adjustments for the genotype uncertainty that is present with low-depth 79 

WGS data. For a pair of individuals 𝑖 and 𝑖′, LowKi provides estimates of 𝜑𝑖𝑖′
, the kinship 80 

coefficient of individuals 𝑖 and 𝑖′. This is the probability that a pair of randomly drawn alleles 81 

from individual 𝑖 and 𝑖′ at the same locus will be in a state of Identity-by-Descent (IBD). LowKi 82 

also provides a moment-estimate of 𝜓𝑖𝑖′
 the fraternity coefficient which is the proportion of 83 

the genome for which individuals 𝑖 and 𝑖′ share two pairs of alleles at the same locus (IBD=2). 84 

First, ‘naïve’ moment estimators were defined by an approximation of the construction of the 85 

classical moment estimators used for genotype data; but based on individual genotypes 86 
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likelihoods. These estimators, which are referred to as ‘unadjusted estimates’ in this study, 87 

are biased. Simulation studies show that as the average read depth decreases, the bias 88 

increased. It is indeed intuitive that additional uncertainty or ‘fuzziness’ in the genotype 89 

likelihoods gives a stronger downward bias in a moment-estimate. This makes sense when 90 

considering that the additional fuzziness represents an increasing lack of information about 91 

the genotypes as random error contributions to the genotype likelihoods (occurring 92 

independently between individuals) become more and more prevalent. We found that it 93 

sufficed to fit regression models between point-wise moment estimators and a summary 94 

statistic of the genotype likelihood fuzziness to obtain accurate estimates (denominated in the 95 

text as ‘adjusted estimates’). 96 

To assess our approach, we have analysed both simulated and real data. Firstly, we used a 97 

simulation dataset which constitutes 1,444 simulated whole-genome sequences derived from 98 

the complex pedigree structure of the genetic isolates of Cilento (12–14). This simulation 99 

dataset was first produced to assess phasing and imputation methods (15) before being used 100 

as a tool to explore heritability estimation (16). Here we overlay a second layer of data 101 

simulation to convert our simulated sequencing data into low-depth sequencing data. To 102 

complement our simulation analysis, we also apply our models to a real dataset of 150 103 

individuals from the FranceGenRef WGS panel (Labex GENMED http://www.genmed.fr/). 104 

These individuals have been sequenced to a depth of 30-40× so we down-sampled individual 105 

bam files to create a dataset representative of WGS data at a depth of 2.5×. Our aim was to 106 

show that we can recover relatedness matrices similar to GRMs calculated on high quality 107 

genotypes from low-depth data in an expedient manner. We compared our approach to two 108 

existing methods: SEEKIN (v1.01) (17) and NGSRelateV2 (v2) (18,19). We show that our 109 
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estimates are accurate and are less time consuming to compute than those provided by 110 

alternative software. 111 

Results 112 

Relatedness estimation from genotype likelihoods in CilentoSim 113 

Our primary simulation dataset (here denoted as ‘CilentoSim’ and described in the Methods) 114 

comprises 1,444 individuals and 490,995 genetic variants across the 22 autosomal 115 

chromosomes (see Methods). We established that this variant set was appropriate for the 116 

calculation of a GRM as this set captured the known pedigree structure of Cilento. This is seen 117 

by comparing the kinship and fraternity GRMs (calculated from the simulated genotypes) to 118 

the true IBD sharing matrices calculated based on records of all haplotype mosaics created in 119 

the simulation (see Methods) (Supplementary Figure 1). For Kinship, the GRM gives a very 120 

precise estimate of the exact simulated IBD-sharing fractions. For fraternity, the GRM 121 

estimates are highly correlated with the simulated IBD-sharing despite a lower precision 122 

compared to kinship. 123 

We artificially reduced the depth of our simulated sequencing data by drawing random alleles 124 

from each simulated individual genotype to a specified depth and then replacing in our 125 

simulation the true genotype with three genotype likelihoods. The method used here is based 126 

on the simulation proposed by Kim et al. (20), uses a simplified version of the genotype 127 

likelihood model of GATK (21–23), and is described fully in the Methods. We used this 128 

additional layer of simulation to give new datasets with average read depths of 2.5×, 5×, and 129 

10×.  130 

We applied our method alongside SEEKIN and NGSRelateV2. In Figure 1a, the off-diagonal 131 

elements of our estimated GRM matrices are compared to the the ‘Full GRM’ estimates from 132 
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complete simulated genotypes. As a moment estimator, SEEKIN is also compared to the ‘Full 133 

GRM’ but NGSRelateV2 (a maximum likelihood estimator) is compared to the simulated IBD 134 

sharing probabilities (which are similar but not identical to the Full GRM estimates, see 135 

Supplementary Figure 1) to give a fairest assessment of the three methods. LowKi is able to 136 

recover the structure of the full kinship and fraternity matrices (‘Adjusted Estimates’; dark 137 

blue and dark brown). Included in Figure 1a are also the ‘Unadjusted Estimates’ (light blue and 138 

light brown) from our model that are downwardly biased by a multiplicative factor. This 139 

demonstrates the efficiency of the adjustment procedure which has been sketched in the 140 

Introduction and is described in detail in the Methods. 141 
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Figure 1a 143 

LowKi estimates for kinship and fraternity for CilentoSim. Off-diagonal elements of the 144 

estimated kinship and fraternity matrices against the true simulated IBD sharing coefficient in 145 

CilentoSim at three different simulated mean read depths (2.5×, 5×, and 10×). Lighter colours 146 

represent the unadjusted estimated from our method and the darker colours give the final 147 

recalibrated estimates. The number of variants (M) and the time (T) required for the calculation 148 

of the two matrices are overlaid on the figure.  149 

Figure 1b-c 150 

Corresponding estimates from SEEKIN (kinship only) and NGSRelateV2.  151 

 152 

Comparison to existing software on simulated data 153 

In Figure 1b and 1c, relatedness estimates given by two alternative algorithms, SEEKIN and 154 

NGSRelateV2, respectively, along with running times for these programs. SEEKIN only 155 

produces an estimate for the kinship matrix and indeed uses in part a similar moment-156 

estimator to our method presented here. SEEKIN gave very accurate kinship estimates. The 157 

key specificities of SEEKIN involve an intermediate step of the imputation software BEAGLE 158 

(v4.1) (24), the leveraging of an external reference panel (here the 1000 Genomes Project 159 

phase 3 haplotype reference panel (25) was used) and a re-weighting based on the imputation 160 

quality of variants in the summation that forms each GRM entry. As the initial step of BEAGLE 161 

cannot be avoided, we include the runtime of BEAGLE into the run time of SEEKIN. For low-162 

depth data, running BEAGLE is very time consuming. We followed the recommendations for 163 

using BEAGLE as described by the authors of SEEKIN. The use of BEAGLE will change the data 164 

in two particular ways: firstly, the uncertainty present in the initial data will be largely removed 165 

as BEAGLE will effectively take the prior information given to it in the form of genotype 166 

likelihoods and add more precision based on similarities between pairs of individuals in the 167 

sample or between individuals in the sample and the external panel of reference haplotypes 168 

using the same haplotype clustering HMM machinery as is applied in BEAGLE’s haplotype 169 

phasing and genotype imputation methods. Secondly, running BEAGLE is likely to require the 170 
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removal of some variants. For example, on our simulated dataset with genotype likelihoods 171 

created using a mean depth of 2.5×, for our initial dataset of 490,995, BEAGLE returns 172 

information for only 340,464 variants. In Supplementary Figure 2, the difference in precision 173 

is displayed between the initial genotype likelihoods supplied to BEAGLE (for a random 174 

selection of 25,000 variants) and the posterior genotype probabilities. This demonstrates the 175 

importance of the use of BEAGLE to the SEEKIN method.  176 

A different approach is proposed by NGSRelateV2 which directly estimates relatedness 177 

parameters through maximum likelihood estimation. Indeed, for the fraternity matrix, the 178 

true IBD coefficients were estimated more precisely with NGSRelateV2 than with a GRM on 179 

simulated genotypes (a comparison can be made between Figure 1 and Supplementary Figure 180 

1). This software also produces additional information as it gives estimates for all nine 181 

condensed identity-by-descent states. NGSRelateV2 gave very accurate estimates for both 182 

kinship and fraternity in the CilentoSimu analysis though did require extensive amounts of 183 

running time on default settings. NGSRelateV2 is multithreaded and uses four threads as a 184 

default; we did not alter this default setting. Using more than the four default threads would 185 

give a big increase in speed but this software will remain computationally expensive for large 186 

sample sizes.  187 

Testing with real data 188 

We also applied our method, SEEKIN, and NGSRelateV2 to a set of real genotypes. 150 189 

individuals with WGS data were made available to us from the FranceGenRef panel; of which 190 

all individuals are not closely-related except for two pairs of siblings. We down-sampled this 191 

dataset from 30-40× to 2.5× in order to create realistic low-depth WGS data. The estimates 192 

of the Kinship and Fraternity matrix entries for these two sibling pairs are given in Table 1. 193 
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Moment-estimators on down-sampled data can were compared against moment-estimators 194 

on the original 30-40× data with one exception: the estimates from NGSRelateV2 on down-195 

sampled data were compared to the estimates of NGSRelateV2 applied the original 30-40× 196 

data. This was because with a sample size of 150, the fraternity coefficients in particular may 197 

be imprecisely estimated even on the original data and so it would not necessarily be fair to 198 

benchmark NGSRelateV2 against GRM estimates. 199 

Table 1 

WGS data at 30-

40× 
Down-sampled WGS data at ~ 2.5× 

Gaston 

Full 

GRM 

NGS- 

RelateV2 

LowKi 

(Unadjusted)* 
LowKi  

BEAGLE+ 

LowKi 
BEAGLE+ 

SEEKIN 

NGS- 

RelateV2‡ 

Sibling 

Pair 1 

�̂� 0.258 0.268 0.122 0.262 0.254 0.268 0.256 �̂� 0.294 0.379 0.059 0.192 0.237 † 0.465 

Sibling 

Pair 2 

�̂� 0.216 0.228 0.100 0.215 0.214 0.226 0.216 �̂� 0.196 0.270 0.035 0.113 0.150 † 0.377 

M (number of variants) 1,009,181 1,009,181 949,075 917,715 1,051,789 

Time 4 minutes 
4 

minutes 

15 hours 

** 

15 hours 

** 
6 hours �̂�: estimate of the two siblings’ unobserved kinship coefficient 𝜑 �̂�: estimate of the two siblings’ unobserved fraternity coefficient 𝜓 

* We also give the unadjusted values from LowKi, similar to in Figure 1a 

** The time required for these estimators is almost entirely due to BEAGLE, both LowKi and 

SEEKIN require only a few minutes 

† SEEKIN does not provide estimates of 𝜓 

‡ NGSRelateV2 results on down-sampled data should be compared to results from the 

same software but applied to the original data that had not been down-sampled 

 200 

All methods were able to distinguish the two pairs as being closely related compared to all 201 

other pairs (Supplementary Figure 3). All methods produced accurate estimates for the kinship 202 

coefficient but the fraternity coefficient proved difficult for all methods to estimate 203 

accurately. One intuitive solution is to use the same approach as SEEKIN and first performed 204 
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imputation with BEAGLE; this allowed us to significantly improve our estimates of the 205 

fraternity coefficients between the two sibling pairs (Supplementary Figure 3, panel (c)).  This 206 

allowed us to have improved estimates for the fraternity matrix. In every case, LowKi 207 

underestimates both fraternity coefficients; however, NGSRelateV2 gave overestimations. 208 

Even without knowing the true fraternity coefficients, an overestimation is apparent as 209 

NGSRelateV2 returned fraternity coefficients outside of the expected range of likely 210 

coefficients between siblings in an outbred population (approximately between 0.1 and 0.4) 211 

(26). LowKi’s estimates remain within this range. When running NGSRelateV2 on data without 212 

down-sampling, we found significantly lower fraternity coefficients for the two sibling pairs 213 

(Table 1, Supplementary Figure 3).  214 

Discussion 215 

It is intuitive that with data of the huge breadth of the whole human genome, even when the 216 

quality of sequencing data is extremely low, relatedness between individuals should still be 217 

captured. Existing methods have either involved maximum likelihood estimation or moment-218 

estimators of relatedness coefficients. The former estimators carry a high computation 219 

burden and require a modelling of the mechanism that links true genotypes to genotype 220 

likelihoods. The latter moment estimators have a lower computational burden, but will 221 

however suffer from bias. This can either be dealt with using an intermediate imputation 222 

algorithm to improve the data as is the case of SEEKIN that requires BEAGLE; or by attempting 223 

to explicitly account for the bias as in the method we have developed here.  224 

By estimating orthogonal components for additive and non-additive genotypic effects, we 225 

constructed a moment estimator for the kinship the fraternity coefficient from low-depth 226 

data. Such a moment-estimator has never been provided for fraternity by an alternative 227 
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software. Estimation of fraternity is important for classifying relatives and also for exploring 228 

the effects of non-additive genetic effects (16). Our moment-estimators for fraternity were 229 

sufficient to distinguish pairs of siblings in the analysis of FranceGenRef where even 230 

NGSRelateV2 was unable to give perfect estimates of fraternity from data down-sampled to 231 

2.5×. For the fraternity matrix our re-adjusted estimators were not as accurate as for kinship, 232 

though it was clear that fraternity coefficients are harder to estimate not always perfectly 233 

estimated with moment-estimators even when using genotype data. The NGSRelateV2 model 234 

expects genotype likelihoods to accurately reflect the probabilities of the unobserved value of 235 

the hidden genotype. This may explain why it gave very good estimates in the simulation 236 

based on Cilento (where data was created with a naïve version of the GATK models and was 237 

generated from simulated genotypes) but performed less well in the more complex real data 238 

scenario. 239 

To correct for bias in the estimates of LowKi, we introduced an innovative simulation 240 

extrapolation type approach that could account for unseen error models and the inherent 241 

reduction in variance typical to low-depth genetic data. These adjustment methods proposed 242 

should be robust to different sources of bias arising from genotype uncertainty coming from 243 

different types of bioinformatics pipeline. This could give more flexibility than likelihood based 244 

methods such as lcMLkin (27), NGSRelateV2, as well as similar methods proposed for 245 

estimating inbreeding coefficients (28). Note that we did not test lcMLkin here following its 246 

assessment in the publication presenting SEEKIN (17). The adjustment technique developed 247 

for LowKi could be harnessed in other areas of research involving shallow sequencing data. 248 

We showed that the alternative to such bias-correction, using an external imputation 249 

algorithm, could also lead to lengthy run times and a reliance on the accuracy of the external 250 
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algorithm. Notwithstanding such observations, the methodology of SEEKIN that uses the 251 

intermediate step of BEAGLE is clearly often highly effective and can also be used in 252 

conjunction with LowKi. Indeed, BEAGLE probably worked exceptionally well in the case of our 253 

CilentoSim dataset due to the many pairs of very closely related individuals in the sample. 254 

However, in the circumstance where only a small sample size is present or when an 255 

appropriate reference panel cannot be ascertained (both might be the case in studies of 256 

ancient DNA or small isolated populations for examples), it is beneficial to have a method for 257 

proceeding directly to relatedness estimates from genotype likelihood data.  258 

Conclusion 259 

LowKi was effective at computing very accurate GRMs in a large sample of individuals with a 260 

full spectrum of IBD-sharing between pairs of related individuals in a detailed simulation 261 

study. We complemented this analysis by assessing an example of real low-depth genetic data 262 

from FranceGenRef, where our re-adjusted relatedness coefficient estimates were able to 263 

quickly and accurately identify the pairs of siblings in the sample. By analysing real data, we 264 

have illustrated that our estimators perform well outside of the idealised setting of a 265 

simulations. Real data will harbour phenomena such as allele-balance bias (29) or region-266 

specific sequencing error rates (30) so it was important to verify our estimators on an example 267 

of true sequencing data. 268 

When comparing to existing methods, LowKi does not require the use of intermediate 269 

software such as BEAGLE and requires the least computation time. The innovative adjustment 270 

method applied in LowKi gives flexibility to the method to account for different possible 271 

sources of bias. The LowKi methods proposed here for estimating relatedness have been made 272 

available at https://github.com/genostats/LowKi and work in conjunction with the existing R-273 

https://github.com/genostats/LoKi
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package Gaston. This represents a fast and accurate standalone option for computing kinship 274 

and fraternity coefficients from low-depth sequencing data.  275 

Methods  276 

Throughout, the index 𝑖 ∈ 1, … , 𝑁 will denote individuals (with two different individuals 277 

denoted as 𝑖 and 𝑖′) and 𝑗 ∈ 1, … , 𝑀 will indicate bi-allelic genetic variants. Individual level 278 

genotype data are denoted as 𝐺𝑖𝑗 which takes values in {0,1,2} for the three possible 279 

genotypes 𝐴𝐴, 𝐴𝑎, and 𝑎𝑎, respectively.  280 

Simulation of low-depth data 281 

Existing simulated WGS data for 1,444 individuals based on the pedigree of the Cilento isolates 282 

was our starting point (16). These simulated individuals were constructed as mosaics of 283 

haplotype chunks sourced from the UK10K imputation panel. The formation of mosaic 284 

haplotypes from the UK10K imputation reference panel (31) has been described in two 285 

previous studies (15,16). Through gene-dropping, the individuals share chunks in accordance 286 

with the known pedigree of Cilento by means of gene-dropping (32) on to the pedigree. By 287 

recording the source of each chunk (within the UK10K), we have knowledge of the exact IBD-288 

sharing probabilities in the simulated population. For this study, we added an additional layer 289 

of simulation to translate simulated genotypes into simulated genotype-likelihoods typical of 290 

low-depth WGS data. We also only retained 490,995 variants by first selecting those with a 291 

minor allele frequency above 5% and then by performing pruning on linkage disequilibrium 292 

with Gaston. 293 

In the Cilento cohort, there are 19 individuals with whole-genome sequencing data. These 294 

individuals were sequenced to an average depth of 50-60×. From this dataset, we took a list 295 

of per-variant mean read depths and scaled each entry so that the global mean read depth 296 
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would either be 10, 5, or 2.5. These lists became the lists of mean depths for each variant for 297 

our simulation. For each individual level genotype 𝐺𝑖𝑗  and for an assigned average read depth 298 𝑑𝑗 for the position, we draw three sets of reads to represent the number of reads carrying the 299 

reference allele 𝐴, the minor allele 𝑎, and error reads that carry a base that matches neither 300 𝐴 or 𝑎. The size of these three groups are denoted as 𝑅𝐴, 𝑅𝑎, and 𝑅𝜀. We model the occurrence 301 

of reads with Poisson distributions and thus draw 𝑅𝐴 as Poisson with parameter 𝜌𝐴𝑖𝑗𝑑𝑗, 𝑅𝑎 as 302 

Poisson with parameter 𝜌𝑎𝑖𝑗𝑑𝑗 , and 𝑅𝜀 as Poisson with parameter 𝜌𝜀𝑖𝑗𝑑𝑗. These parameters 303 

have values depending on the true genotypes 𝐺𝑖𝑗 and the error rate 𝜀𝑗 at the position as shown 304 

in Table 2. 305 

Table 2 
𝐺𝑖𝑗 = 0 

Genotype AA 

𝐺𝑖𝑗 = 1 

Genotype Aa 

𝐺𝑖𝑗 = 2 

Genotype aa 𝜌𝐴𝑖𝑗
 1 − 𝜀𝑗 

12 (1 − 𝜀𝑗)+
16 𝜀𝑗  

13 𝜀𝑗 𝜌𝑎𝑖𝑗
 

13 𝜀𝑗 
12 (1 − 𝜀𝑗)+

16 𝜀𝑗  1 − 𝜀𝑗 

𝜌𝜀𝑖𝑗
 

23 𝜀𝑗 
23 𝜀𝑗 

23 𝜀𝑗 

 306 

The values of 𝜀𝑗 were drawn randomly as 10−𝑢𝑗  with 𝑢𝑗  drawn uniformly between 2 and 3. In 307 

any case where 𝑅𝐴 = 𝑅𝑎 = 0, we set the all three genotype likelihoods to missing. In order to 308 

compute genotype likelihoods, we apply a flat prior and binomial likelihoods as used in the 309 

simplest interpretation of the GATK calling algorithm. This leads to the likelihood of the 310 

observed reads occurring given the true genotypes as proportional to (𝜌𝐴𝑖𝑗)𝑅𝐴 × (𝜌𝑎𝑖𝑗)𝑅𝑎 × (𝜌𝜀𝑖𝑗)𝑅𝜀
. 311 

Moment estimators of relatedness from low-depth  312 

In order to define our new moment-estimators for relatedness matrices, we give first a brief 313 

introduction and explanation of notations and theory. Here, the concepts of additive and non-314 

additive components are being borrowed from the literature of quantitative genetics and in 315 
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particular the polygenic models first proposed by RA Fisher (33) where the genetic effects of 316 

each variant can be split into two orthogonal components. The first being the additive 317 

contribution, describing the effect that increases linearly with the number of minor alleles in 318 

the genotype, and the second being the non-additive contribution which describe the 319 

deviations away from the additive model caused by interactions between the two alleles and 320 

a single locus as is observed for example in recessive or dominant models. 321 

Genotype-based GRM estimates for kinship and fraternity matrices (denoted as 𝐾 and 𝐷, 322 

respectively) can be defined as follows: 323 

𝐾𝑖𝑖′ = 1𝑀 ∑ 𝑋𝐴𝑖𝑗 ×𝑀𝑗=1 𝑋𝐴𝑖′𝑗
     &     𝐷𝑖𝑖′ = 1𝑀 ∑ 𝑋𝐷𝑖𝑗 ×𝑀𝑗=1 𝑋𝐷𝑖′𝑗

 

Where 𝑋𝐴𝑖𝑗  and 𝑋𝐷𝑖𝑗
 are the classical additive and non-additive components of the individual 324 

level genotypes 𝐺𝑖𝑗 which are defined as follows: 325 

𝑋𝐴𝑖𝑗 = 𝛼0𝑗  1{𝐺𝑖𝑗=0} + 𝛼1𝑗  1{𝐺𝑖𝑗=1} + 𝛼2𝑗  1{𝐺𝑖𝑗=2} 326 

𝑋𝐷𝑖𝑗 = 𝛿0𝑗  1{𝐺𝑖𝑗=0} +  𝛿1𝑗  1{𝐺𝑖𝑗=1} + 𝛿2𝑗  1{𝐺𝑖𝑗=2} 327 

where  328 

𝛼𝑘𝑗 = 𝑘 − 2𝑞𝑗√2𝑝𝑗𝑞𝑗 , (𝑘 = 0, 1, 2) and  𝛿0𝑗 = 𝑞𝑗𝑝𝑗 , 𝛿1𝑗 =  −1, 𝛿2𝑗 = 𝑝𝑗𝑞𝑗 , 329 

𝑞𝑗 being the minor allele frequency of variant 𝑗 and 𝑝𝑗 = 1 − 𝑞𝑗. Alternative notations are 330 

presented in (34) and (35) but give the same moment-estimators. The values of (𝛼0𝑗, 𝛼1𝑗 , 𝛼2𝑗) 331 

are obtained through standardisation of 𝐺⋅𝑗, interpreted as a random variable (the SNP index 332 𝑗 is fixed, the sample is constituted of the values 𝐺𝑖𝑗 for 𝑖 = 1, … , 𝑁) : its expected value is 2𝑞𝑗 333 

and its standard deviation is √2𝑝𝑗𝑞𝑗 (assuming Hardy-Weinberg proportions). The resulting 334 

random variable 𝑋𝐴⋅𝑗 has expected value 0 and variance 1. The values of (𝛿0𝑗 , 𝛿1𝑗, 𝛿2𝑗) can then 335 
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be determined by imposing three constraints on the resulting variable 𝑋𝐷⋅𝑗 : 𝐸(𝑋𝐷⋅𝑗) = 0, 336 var(𝑋𝐷⋅𝑗) = 1, and 𝐸(𝑋𝐴⋅𝑗  𝑋𝐷⋅𝑗) = 0 (the two variables are independent – or ‘orthogonal’ – in 337 

the sample). 338 

It is well established that under the circumstances of correct Hardy-Weinberg proportions in 339 

the population and of having in-hand the correct value of the minor allele frequencies, 𝐾𝑖𝑖′  340 

will be an unbiased estimator of 2𝜑𝑖𝑖′
 and 𝐷𝑖𝑖′  will be an unbiased estimator of 𝜓𝑖𝑖′

. Such 341 

genetic relatedness matrices were first introduced in (36,37) for kinship and in (38) for 342 

heritability and have been repurposed for many other uses.  343 

Such moment estimators necessitate allele frequency information. For low-depth sequencing 344 

data, it is possible to estimate allele frequencies directly from genotype probabilities. This is 345 

however problematic as the additional uncertainty in the data will characteristically lead to 346 

increased estimates of allele frequencies as well as potential perturbations to Hardy-Weinberg 347 

proportions. This can be observed in Supplementary Figure 4 where we compared observed 348 

minor alleles frequencies and heterozygosity statistics from the original simulated genotypes 349 

of CilentoSim against those estimated from genotype likelihoods at a depth of 2.5×. The 350 

perturbation to allele frequencies is difficult to avoid, but the issue of potential Hardy-351 

Weinberg deviations may be circumvented by defining our additive and non-additive 352 

components on estimated genotype frequencies (rather than allele) in order to correctly 353 

achieve orthogonality. The derivations that we give here are equivalent to those found in 354 

Vitezica et al. (35).  355 

Across the sample, we estimate genotype probabilities by averaging across all genotype 356 

probabilities in the sample. First, individual genotype likelihood data (typically available on a 357 

log-scale) in the form 𝐺𝐿𝐴𝐴𝑖𝑗
, 𝐺𝐿𝐴𝑎𝑖𝑗 , and 𝐺𝐿𝑎𝑎𝑖𝑗

 are rescaled to genotype probabilities 𝑃𝐴𝐴𝑖𝑗
, 358 
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𝑃𝐴𝑎𝑖𝑗 , and 𝑃𝑎𝑎𝑖𝑗
. Then we estimate genotype frequencies in the sample as: �̅�𝐴𝐴𝑗 = 1𝑁 ∑ 𝑃𝐴𝐴𝑖𝑗𝑁𝑖=1  , 359 

�̅�𝐴𝑎𝑗 = 1𝑁 ∑ 𝑃𝐴𝑎𝑖𝑗𝑁𝑖=1  , and �̅�𝑎𝑎𝑗 = 1𝑁 ∑ 𝑃𝑎𝑎𝑖𝑗𝑁𝑖=1 .  360 

The additive and dominant component are defined as  361 

�̃�𝐴𝑖𝑗 = �̃�0𝑗  𝑃𝐴𝐴𝑖𝑗 +  �̃�1𝑗  𝑃𝐴𝑎𝑖𝑗 +  �̃�2𝑗  𝑃𝑎𝑎𝑖𝑗
 362 

�̃�𝐷𝑖𝑗 = 𝛿0𝑗  𝑃𝐴𝐴𝑖𝑗 +  𝛿1𝑗 𝑃𝐴𝑎𝑖𝑗 +  𝛿2𝑗  𝑃𝑎𝑎𝑖𝑗
 363 

As previously, the values of the triplet (�̃�0𝑗 , �̃�1𝑗 , �̃�2𝑗) are obtained by standardizing the vector 364 

with (0, 1, 2) using the observed mean and variance of the expected minor allele count (or 365 

genotype dosage) �̃�⋅𝑗 which is constituted of the values �̃�𝑖𝑗 for 𝑖 = 1, … , 𝑁, where �̃�𝑖𝑗 = 𝑃𝐴𝑎𝑖𝑗 +366 2𝑃𝑎𝑎𝑖𝑗
. The values of (𝛿0𝑗, 𝛿1𝑗 , 𝛿2𝑗) are derived from the constraints 𝐸(�̃�𝐷⋅𝑗) = 0, var(�̃�𝐷⋅𝑗) = 1, 367 

and 𝐸(�̃�𝐴⋅𝑗  �̃�𝐷⋅𝑗) = 0, where, as before, expected values are computed across the sample (𝑗 is 368 

fixed and 𝑖 goes from 1 to 𝑁). We obtain 369 

(�̃�0𝑗 , �̃�1𝑗 , �̃�2𝑗) = (�̅�𝐴𝑎𝑗 + 4�̅�𝑎𝑎𝑗 �̅�𝐴𝐴𝑗 − �̅�𝐴𝑎𝑗 2)−12 × (−�̅�𝐴𝑎𝑗 − 2�̅�𝑎𝑎𝑗 , 1 − �̅�𝐴𝑎𝑗 − 2�̅�𝑎𝑎𝑗 , 2 − �̅�𝐴𝑎𝑗 − 2�̅�𝑎𝑎𝑗 ) 370 

and 371 

(𝛿0𝑗 , 𝛿1𝑗, 𝛿2𝑗) = (�̅�𝑎𝑎𝑗 + 4 �̅�𝑎𝑎𝑗 �̅�𝐴𝐴𝑗�̅�𝐴𝑎𝑗 + �̅�𝐴𝐴𝑗 )−12 × (√�̅�𝑎𝑎𝑗�̅�𝐴𝐴𝑗  , −2√�̅�𝑎𝑎𝑗 �̅�𝐴𝐴𝑗�̅�𝐴𝑎𝑗 2  , √�̅�𝐴𝐴𝑗�̅�𝑎𝑎𝑗 ). 372 

Finally, the GRM matrices using genotype likelihoods are computed as 373 

�̃�𝑖𝑖′ = 1𝑀 ∑ �̃�𝐴𝑖𝑗 ×𝑀
𝑗=1 �̃�𝐴𝑖′𝑗  and �̃�𝑖𝑖′ = 1𝑀 ∑ �̃�𝐷𝑖𝑗 ×𝑀

𝑗=1 �̃�𝐷𝑖′𝑗 . 374 

Correcting the bias 375 
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Our initial simulation results indicated a clear relationship between the average depth and the 376 

biases in the estimates of both off-diagonal and diagonal elements in the GRMs. Indeed, the 377 

bias observed appeared similar to the bias that occurs when hard-called genotypes (setting 378 

the genotypes to the most probable genotype) are used for estimating GRMs as reported by 379 

Dou et al. (17). For a given average read depth, our simulation results suggest that 𝐸[�̃�𝑖𝑖′] =380 2𝛽1𝜑𝑖𝑖′  and 𝐸[�̃�𝑖𝑖′] = 𝛽2𝜓𝑖𝑖′  for some unknown constants 𝛽1 and 𝛽2. 381 

Each off-diagonal element of matrices �̃� and �̃� are themselves averages over many point 382 

estimated from each genetic variant. These point-wise come from genetic variants with 383 

differing read depths and hence we should expect some variants to be giving greater or lesser 384 

biased point-wise estimations. When the depth is low, the three genotype probabilities tend 385 

to become less certain, we move further away from a tuple of probabilities such as (1,0,0) 386 

(which represents a certain genotype of 𝐴𝐴) towards a tuple such as (12 , 12 , 0) or even (13 , 13 , 13) 387 

where there is no certainty as to what the true genotype may be. This uncertainty or 388 

‘fuzziness’ of the data can be summarised by the variance of the genotype (here thought of as 389 

a random variable taking values in {0,1,2} occurring at probabilities 𝑃𝐴𝐴𝑖𝑗
, 𝑃𝐴𝑎𝑖𝑗 , and 𝑃𝑎𝑎𝑖𝑗

, 390 

respectively.  We denote this measure as 𝜐𝑖𝑗 ≔ 𝑃𝐴𝑎𝑖𝑗 (1 − 𝑃𝐴𝑎𝑖𝑗 ) + 4𝑃𝑎𝑎𝑖𝑗 (1 − 𝑃𝑎𝑎𝑖𝑗 ) − 4𝑃𝐴𝑎𝑖𝑗 𝑃𝑎𝑎𝑖𝑗
. To 391 

demonstrate this, we simulated repeatedly low-depth data for a single variant shared (with 392 

IBD status at random) by two siblings; varying values of the average depth and minor allele 393 

frequency for the variant. Pairs of siblings are expected to share at least one haplotype IBD 394 

for 50% of their genome and to share both haplotypes IBD for 25%. By varying the depth, we 395 

could see the change in the expected bias (Supplementary Figure 5) suggesting clearly that 396 

additional uncertainty or ‘fuzziness’ in the genotype likelihoods gives a stronger downward 397 

bias in a GRM moment-estimate. In Supplementary Figure 5, the average point-wise estimates 398 
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of kinship are plotted against the varying values of 𝜐𝑖𝑖′𝑗 ≔ 12 (𝜐𝑖𝑗 + 𝜐𝑖′𝑗). Different mean 399 

values of 𝜐𝑖𝑖′𝑗 came from simulating read data with depths varying between 2× and 25×. 400 

Here, we observed broadly linear relationships, with the slope changing slightly depending on 401 

the minor allele frequency of the variant. We can also see that as 𝜐𝑖𝑖′𝑗 tends to zero, the 402 

multiplicative bias in our estimate tends to one; and thus the estimator becomes unbiased. 403 

This suggests that if we can have a model for this relationship between bias and the fuzziness 404 

of each variant, it should be possible to gain an estimation of the unbiased value of the 405 

relatedness coefficients between 𝑖 and 𝑖′. Hence we use an idea similar to simulation 406 

extrapolation (39) though rather than artificially adding more noise to our data, we simple 407 

take advantage to the different levels of noise between different SNPs and extrapolate what 408 

our relatedness estimators would be with zero noise. 409 

Our point wise estimates for the two matrices are written as �̃�𝑖𝑖′𝑗
 and �̃�𝑖𝑖′𝑗

 and we use linear 410 

regression to perform what was found to be the most appropriate medialisation which was 411 

the following: 412 

𝐸[𝐾𝑖𝑖′𝑗 ] = (𝑧1 + 𝑧2𝜑𝑖𝑖′)(1 + 𝑧3(𝜐𝑖𝑗 + 𝜐𝑖′𝑗) + 𝑧4𝜐𝑖𝑗𝜐𝑖′𝑗) 413 

𝐸[𝐷𝑖𝑖′𝑗 ] = (𝑢1 + 𝑢2𝜓𝑖𝑖′)(1 + 𝑢3(𝜐𝑖𝑗 + 𝜐𝑖′𝑗) + 𝑢4𝜐𝑖𝑗𝜐𝑖′𝑗) 414 

Here,  𝜑𝑖𝑖′  and 𝜓𝑖𝑖′  are the kinship and fraternity coefficients between 𝑖 and 𝑖′. The model 415 

represents the intuition that when the fuzziness (𝜐𝑖𝑗  and 𝜐𝑖′𝑗) is null, the pointwise estimators 416 

should have expected values of the ‘true’ pointwise estimator from full WGS data; though we 417 

allow for the expectation to be linear in the ‘true’ estimator by introducing quantities 𝑧1 and 418 𝑧2 for kinship and 𝑢1 and 𝑢2 for fraternity. Indeed, all quantities 𝑧1−4 and 𝑢1−4 are nuisance 419 
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parameters that allow a flexible modelling of potential biases that could be created by 420 

studying low-depth data.  421 

Using this model, regressing values of �̃�𝑖𝑖′𝑗
 or �̃�𝑖𝑖′𝑗

 across values of 𝑗 against corresponding 422 

values of 𝜐𝑖𝑗 and 𝜐𝑖′𝑗 leads to estimates of 𝜑𝑖𝑖′  and 𝜓𝑖𝑖′  from the intercepts of the linear 423 

regression models. Our adjustment procedure circumvents the nuisance parameters by firstly 424 

performing the aforementioned regression on the diagonal elements of the matrices �̃� and �̃� 425 (𝑖 = 𝑖′) with the knowledge that 2𝜑𝑖𝑖 and 𝜓𝑖𝑖  should be equal to 1. Then in a second step, we 426 

regress the mean unadjusted estimates (�̃�𝑖𝑖′  or �̃�𝑖𝑖′) against the intercepts from the 427 

aforementioned linear regression models that compared �̃�𝑖𝑖′𝑗
 or �̃�𝑖𝑖′𝑗

 with 𝜐𝑖𝑗 and 𝜐𝑖′𝑗. These 428 

steps combined provide new regression-based estimates of 𝜙 and 𝜑. 429 

This adjustment procedure carries a reasonable computational burden, so we simply apply it 430 

to a subset of pairs which are chosen to represent a good range of relatedness estimates (�̂� 431 

or �̂�) among the unadjusted estimates in the sample calculated by LowKi. The adjustment 432 

proceeds by comparing the outcome of the unadjusted estimates and the regression-based 433 

estimates (described here) in order to calculate the appropriate multiplicative biases 𝛽1 and 434 𝛽2 in order to finally adjust the initial unadjusted estimates of LowKi. 435 

Testing existing software 436 

To run SEEKIN (v1.01), we first applied BEAGLE (v4.1). BEAGLE was given reference haplotypes 437 

from the 1000 Genomes project (Phase 3) and was run in windows of 750 variants with buffers 438 

of 250 variants. We found that BEAGLE required very long runtimes, hence we set the 439 

parameter ‘modelscale’ equal to 3 which the authors of BEAGLE suggested in the software’s 440 

manual as an appropriate setting to increase both speed and accuracy when applying BEAGLE 441 
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to genotype likelihood data. Otherwise, both NGSRelateV2 (v2) and SEEKIN were run with the 442 

default recommended parameters.  443 

Testing on real data 444 

In order to test our method on a real dataset, we were given access to 150 individuals from 445 

FranceGenRef and down-sampled their individual bam files to an average of 2.5× coverage. 446 

The FranceGenRef panel comprises 856 individuals from the population of France and 447 

combines individuals from the GAZEL cohort (www.gazel.inserm.fr/en), from the PREGO 448 

cohort (www.vacarme-project.org), and 50 blood donors from the Finistere region. The down-449 

sampling was achieved by simply counting the number of reads in the original bam-files, and 450 

randomly sampling the appropriate proportion of these reads given that full bam files 451 

correspond to average read depth of 35×. This set of 150 individuals contains two sibling pairs 452 

who have an expected kinship of 0.25 and expected fraternity coefficient of 0.25. All other 453 

pairs are expected to have kinship and fraternity coefficients very close to zero. There may be 454 

residual population structure in the sample as individuals of FranceGenRef come from 455 

different regions in France; a country with substantial fine-scale population structure (40). 456 

Down-sampling and calling were performed with samtools (v0.1.19) (41), Sambamba (v0.7.1) 457 

(42), and GATK HaplotyeCaller (v3.7) which provides the genotype likelihoods that we supplied 458 

to LowKi as well as NGSRelateV2, and BEAGLE followed by SEEKIN.  459 

We observed that LowKi’s estimators were improved if variants with a very small observed 460 

expected minor allele frequency were removed from the calculation and such a filter has been 461 

added. Specifically, the quantity �̅�𝐴𝑎𝑗 + 2�̅�𝑎𝑎𝑗  should be in the range 0.05 to 1.95. In the example 462 

of the 150 individuals of FranceGenRef, 1,009,181 variants out of a possible 1,051,789 were 463 

used in the calculation.  464 
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Figure legends 607 

Figure 1a 608 

LowKi estimates for kinship and fraternity for CilentoSim. Off-diagonal elements of the 609 

estimated kinship and fraternity matrices against the true simulated IBD sharing coefficient in 610 

CilentoSim at three different simulated mean read depths (2.5×, 5×, and 10×). Lighter colours 611 

represent the unadjusted estimated from our method and the darker colours give the final 612 

recalibrated estimates. The number of variants (M) and the time (T) required for the calculation 613 

of the two matrices are overlaid on the figure.  614 

Figure 1b-c 615 

Corresponding estimates from SEEKIN (kinship only) and NGSRelateV2.  616 

 617 
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