
Forensic Sciences Research, 2026, Vol. 11, Issue 1

Introduction
Investigative genetic genealogy (IGG), also known as forensic 
genetic genealogy (FGG) and long-range familial search, has 
attracted widespread attention in recent years [1–3]. In this 
technique, kinship inference is performed based on genomic 
data from hundreds of thousands of autosomal single nucle-
otide polymorphisms (SNPs) typically generated with SNP 
microarray technology and whole genome sequencing (WGS). 
Since the successful application in the Golden State killer case 
in the USA [4], IGG has assisted in hundreds of cases, mainly 
involving serial/recidivist offenders and sexual violence [5, 6].  
While IGG has been successful in resolving many cold cases, 
it can also be applied to more recent unresolved cases, espe-
cially when conventional familial searching yields no hits. 
Familial searching is typically performed using about 20 com-
mon short tandem repeat (STR) loci and focuses primarily on  
1st degree relatives (i.e., parent–child and full siblings) [3, 7].  
Due to the low power of common forensic STRs, familial 
searching cannot be extended to more distant relatives, e.g., 
first cousins, second cousins, third cousins and beyond [2, 3].

Different from familial searching, IGG has a wider scope 
and can search for relationships ranging from 1st to 7th  
degrees. As estimated by Erlich et al. [1], with a database size 
of ~3 million U.S. individuals of European descent (2% of 

the adults of this population), more than 99% of the people 
would have at least a single third-cousin (7th degree relatives) 
match and more than 65% are expected to have at least one 
second-cousin (5th degree relatives) match. Therefore, there 
is a potentially higher probability of a match with IGG. In 
addition, IGG can also be combined with Y-STR database 
searching, with which a 14-year-old case was solved in  
China [8]. In this case, the 41 Y-STR profile of the suspect 
was first searched against the national Y-STR database and 
11 male lineages were found to match the profile perfectly. 
However, as there were many different relationships within 
each male lineage (ranging from father–son to distant cous-
ins), investigators were not be able to position the suspect 
precisely. IGG was therefore performed to search for potential 
distant relatives and investigators found that one individual 
shared three identity by descent (IBD) segments (66 cM in 
total) with the suspect, thus indicating an approximate  
7th degree relationship. Finally, extended sampling was con-
ducted and the suspect was identified based on autosomal 
STR genotyping. Given this, IGG has advantages and can 
help to narrow the scope of Y-STR database searching, thus 
improving the efficiency of forensic investigation.

Many methods have been applied in IGG, and they can 
be divided into three categories: likelihood-based approach  
[9, 10], method of moments (MoM) [11–13], and IBD 
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Abstract
Method of moments (MoM)  and identity by descent (IBD) segment methods are two popular algorithms for kinship inference in investigative 
genetic genealogy (IGG). However, there is no consensus on how or when to use them, and different criteria of IBD lengths or kinship 
coefficients are applied to consider a true match. In this study, we compared the performance of KING (representing the MoM method) and IBIS 
(representing the IBD segment method) for kinship inference in homogeneous populations, admixed populations, and sparse SNP panels. Both 
simulated and real family data were used. In addition, an equivalent threshold-based method for kinship inference was also proposed, based 
on either the kinship coefficients or the lengths of IBD segments. Results showed that the overall accuracies were 64.97% for homogeneous 
population and 54.71% for admixed population with KING while they were 72.92% and 70.88%, respectively, with IBIS. IBIS showed low 
recall and precision rates when the SNP number was below 164k. In contrast, KING performed still robustly with SNP number as low as 10k. 
Similar results were obtained with real family data. In conclusion, the two methods perform differently and different methods should be used 
for different scenarios. If the DNA is of high quality or the samples are from admixed populations, the IBD segment method is recommended. 
If the samples are of low quantity and/or quality, MoM is more appropriate. For more complex scenarios, both methods can be tried. More 
importantly, there is an urgent need to develop new algorithms to address related issues.
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Simulation of family data
Previous studies have shown that relatedness estimation that 
ignores population structure in admixed samples can produce 
either a positive or negative bias [21, 22]. To explore the 
influence of population homogeneity/admixture on kinship 
inference, and to assess the robustness of the two methods, we 
compared their performance on two distinct populations: Han 
Chinese and Mexicans (Mexican Ancestry from Los Angeles, 
MXL). Given the reported low levels of genetic admixture and 
limited population substructure among Han Chinese [23, 24],  
we considered this a relatively homogeneous population. In 
contrast, the MXL is a well-known admixed population, as 
demonstrated in many studies [24–26]. To obtain family data 
from the two populations, we downloaded haplotype data for 
208 Han Chinese individuals (CHB and CHS) and 64 MXL 
individuals from the 1000 Genome Project dataset (http://
ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/).  
The same filtering steps described earlier were applied, result-
ing in over five million SNPs. We then randomly selected 
one-eighth (~329k SNPs) for pedigree simulation. Pedigrees 
were finally simulated using Ped–sim [27] with a sex-average 
genetic map [28], generating various relationships ranging 
from parent–child and full siblings to 2nd through 7th  
degree relatives, as well as unrelated pairs. To mimic sparse  
SNP panels, we also randomly selected one half of the origi-
nal simulated family genetic data and generated SNP panels 
of approximately 164k, 82k, 41k, 20k, and 10k.

IBD segment detection and kinship coefficient es-
timation
The output VCF files from Ped-sim were converted to PLINK 
binary format (BED) using PLINK. IBD segments were 
detected using IBIS with command line: IBIS -ibd2 -threads 
10 -bfile simulated_family -f out. By default, segments shorter 
than 7 cM were excluded to reduce spurious signals. Kinship 
coefficients were estimated using KING with command line: 
KING -b simulated_family.bed--kinship--cpus 10--prefix out.

Kinship inference
In this study, each simulated sample had a unique family ID, 
and no prior pedigree information was provided for infer-
ence. Kinship coefficients and IBD segments were therefore 
estimated for all pairs in the simulated dataset. However, only 
sample pairs from the same family were selected, given the 
small sample size of the reference dataset. According to the 
criteria in Manichaikul et al.’s study [11], we used cutoffs 
lying halfway between the expected kinship coefficients for 
different degrees of genetic relationships. Although only 1st 
– 3rd degree relationships were studied in Manichaikul et al.’s 
study, we extended the boundary to 7th degree relationships. 

A pair of individuals with θ less than 0.002 76 (
17/2
1

2
) was 

classified as unrelated. In addition, θ can also be estimated 
using the formula [18]:

θ = +IBD1 IBD2
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,

where LIBD1 and LIBD2 denote the total lengths of IBD1 and 
IBD2 segments, respectively. L0 is the total genetic length of 
the whole genome and L0 = 3 346 cM [28] was applied in this 
study. Since each person has two copies of the autosomal 

segment method [14, 15]. The likelihood approach is well 
known to forensic scientists, but has been less used in IGG 
due to its high computational burden. The MoM method esti-
mates unknown parameters by equating theoretical moments 
under the assumed statistical model to empirical moments 
calculated from the observed data [13]. Several parameters 
have been used, including the kinship coefficient (θ) [16], Cot-
terman’s coefficient, and the coefficient of relatedness [12].  
Among the commonly used software are PLINK [17] and 
KING [11]. The IBD segment method identifies long stretches 
of DNA segments that are inherited from the common 
ancestor(s), i.e., IBD segments, for a pair of individuals. IBD 
segments can be further separated into IBD1 and IBD2 seg-
ments. An IBD1 segment is a haploid match between any pair 
of individuals where only one pair of haplotypes is involved, 
whereas an IBD2 segment is a diploid match where both hap-
lotypes of a pair of individuals match [18]. A region with no 
sharing is termed IBD0. Many methods have been developed 
for the detection of IBD segments, such as GERMLINE [14], 
TRUFFLE [19] and IBIS [15].

Despite many attempts at these methods, there is no consen-
sus on how and when to use them, and different researchers 
and direct-to-consumer (DTC) companies have used different 
criteria of IBD lengths or kinship coefficient to consider a true 
match [2, 11, 18]. In this study, we compared the performance 
of two methods, KING (representing the MoM method)  
and IBIS (representing the IBD segment method), on homo-
geneous population (population possesses genetic ancestry 
from one source group), admixed population (population 
possesses genetic ancestry from multiple source groups), and 
sparse SNP panels (panels with decreasing numbers of SNPs). 
Both simulated and real family data were used. We found that 
different methods should be used for different scenarios.

Materials and methods
Sample collection and DNA extraction
Seventy-one individuals from a multi-generation family from 
Han Chinese population were recruited and 5 mL of periph-
eral blood was collected from each member with informed 
consent. DNA was extracted from 200 μL of the blood 
from each sample using the QIAamp DNA Blood Mini Kit 
(Qiagen, Hilden, Germany). DNA was quantified using the 
Qubit® dsDNA BR Assay Kit (Thermo Fisher Scientific, San 
Francisco, CA, USA) with a Qubit® 3.0 fluorometer (Thermo 
Fisher Scientific) following the manufacturer’s instructions. 
This study protocol was approved by the Ethics Committee 
of Zhongshan School of Medicine, Sun Yat-sen University 
(Guangzhou, China) (Approval No. [2020]044).

SNP genotyping
SNPs were genotyped using the Infinium Asian Screening 
Array (ASA; Illumina Inc., San Diego, CA, USA). This panel 
was designed by Illumina Inc. mainly for East and Southeast 
Asian populations, and 659 184 SNPs could be detected 
simultaneously. VCFtools [20] was then employed to exclude 
SNPs that deviated from Hardy-Weinberg Equilibrium or 
had a low minor allele frequency (MAF). We also excluded  
non-biallelic and non-autosomal SNPs. Following these 
filtering steps, approximately 300 000 (~300k) SNPs were 
retained for subsequent analysis.

http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/
http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/
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chromosome, the total haplotype genetic length ( hapIBDL ) 
between a pair of individuals can be calculated as LhapIBDhapIBD =  

LIBD1+2×LIBD2. So, we have θ = hapIBD

04

L

L
. Specifically, we may 

also have θ = IBD1

04
L

L
 for all relationships except full siblings 

because IBD2 is only observed in full siblings in non-inbred 
populations. Now, the cutoffs of IBD segment (tIBD) to deter-
mine a relationship can be deduced by simply multiplying the 
kinship coefficient cutoffs (tθθ) by 4L0 (Table 1). This demon-
strates that it is equivalent to use either kinship coefficients or 
the lengths of IBD segments for kinship inference.

To evaluate and compare the performance of the two 
tools for kinship inference, three parameters were used: 
recall rate, precision rate, and accuracy. Recall rate denotes 
the proportion of a known relationship that can be recalled 
with the cutoffs; precision rate indicates the proportion of 
a relationship that is correctly assigned; and accuracy is the 
proportion that the real and the predicted relationships are 
consistent. Supplementary Table S1 shows how the three 
parameters are calculated and readers can also refer to the 
website (https://www.evidentlyai.com/classification-metrics/

multi-class-metrics) for more details. All data processing and 
statistical analysis were performed in R software v.3.6.1, and 
figures were generated using the ggplot2 package.

Results
Comparison of threshold and machine learning 
methods for kinship inference
In this study, 360 pairs were simulated for each relationship, 
including 1st – 7th degree relatives and unrelated pairs. In 
order to compare the performance of our threshold-based 
method (Table 1) and machine learning-based approaches 
for kinship inference, relationships were also predicted 
using a supervised k-Nearest Neighbour (k-NN) algorithm. 
Two-thirds of the simulated family data (based on the 208 
Han Chinese individuals) were treated as the training set, 
and the remaining family data were treated as the testing 
set, with the number of neighbours (k) set to 5. The results 
are shown in Figure 1. Overall, our threshold-based method 
showed performance comparable to the k-NN method, 
with the main differences observed for distant relationships 
and unrelated pairs. When using IBD segments detected by 
IBIS, the threshold-based method had recall and precision 
rates similar to those of the k-NN method. The largest 
difference was observed for the 7th degree relationship. 
The recall rate for k-NN was 51.75%, about 1.68 times 
higher than that of the threshold-based method. The 
k-NN method also achieved higher precision rate than the 
threshold-based method for unrelated pairs (92.03% vs.  
62.94%). When kinship coefficients estimated by KING were 
used for kinship inference, the two methods also showed sim-
ilar performance. The threshold-based method had a higher 
recall rate for unrelated pairs (90.00% vs. 63.08%) but had a 
lower recall rate for the 7th degree relationship (16.67% vs.  
28.95%). The overall accuracies were 64.97% (using kin-
ship coefficients) and 72.92% (using IBD segments) for our 
threshold-based method, similar to those of the k-NN method 
(61.98% with KING and 76.28% with IBIS).

Performance on homogeneous and admixed popu-
lations
All samples were assigned a relationship based on the cutoffs 
in Table 1, and the results are shown in Figure 2. For the  
1st degree relationships (parent-child and full siblings), recall 
rates were 100% with both KING and IBIS, but the precision 
rate was 99.45% with KING, although it remained 100% 
with IBIS. For the 2nd degree relationships, the two tools 
showed similar performance, with recall rates of 95.56% vs. 
97.78%, and precision rates of 95.03% vs. 94.62%. However, 
for more distant relationships, both recall rates and precision 
rates decreased significantly, with IBIS outperforming KING. 
It appeared that the more distant the relationship, the greater 
the difference in recall rates and precision rates for the two 
methods. In particular, the recall rate was 100% with IBIS 
but only 90.00% with KING for unrelated individuals. This 
means 10% of unrelated pairs were incorrectly predicted to 
be related, mainly as 6th and 7th degree relationships. If one 
degree difference between the real and predicted relationship 
was permitted, both recall rates and precision rates increased 
significantly for both methods (Supplementary Figure S1A). 

Table 1. Cutoffs of kinship coefficient (θ ) and total length of identity by descent 
(IBD) segments for kinship inference.

Degree of relatedness

Cutoffs

Kinship coefficient (tθθ)
Total length of IBD 

segments (tIBD)*

Monozygotic twins 
(identical individuals) 3/2

1
2

≥ ≥4 732

1st 5/2 3/2
1 1,

2 2
 


 

[2 366, 4 732)

2nd 7/2 5/2
1 1,

2 2
 


 

[1 183, 2 366)

3rd 9/2 7/2
1 1,

2 2
 


 

[591, 1 183)

4th 11/2 9/2
1 1,

2 2
 


 

[296, 591)

5th 13/2 11/2
1 1,

2 2
 


 

[148, 296)

6th 15/2 13/2
1 1,

2 2
 


 

[74, 148)

7th 17/2 15/2
1 1,

2 2
 


 

[37, 74)

Unrelated 17/2
1

2
<

<37

* The total genetic length of the whole genome is L0 = 3 346 cM.

https://www.opticsjournal.net/fsr/suppl/736422
https://www.evidentlyai.com/classification-metrics/multi-class-metrics
https://www.evidentlyai.com/classification-metrics/multi-class-metrics
https://www.opticsjournal.net/fsr/suppl/736422
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Figure 1 Comparison of the performance of threshold and machine learning methods for kinship inference. Recall rates and precision rates of kinship 
inference based on the identity by descent (IBD) segments detected by IBIS (A) and the kinship coefficients estimated by KING (B).

Figure 2 Performance of KING and IBIS for kinship inference on homogeneous and admixed population. Recall rates and precision rates of kinship inference 
on homogeneous population (A) and admixed population (B).

Both KING and IBIS had recall rates and precision rates over 
95% for 1st – 4th degree relationships, although IBIS per-
formed better than KING for 5th – 7th degree relationships. 
The overall accuracies increased from 64.97% to 90.94% 
with KING, and from 72.92% to 97.64% with IBIS.

For the admixed population (MXL), IBIS showed nearly 
identical performance, with an overall accuracy of 70.88%. 

However, KING’s performance declined. Although the recall 
and precision rates were 100% and 99.34% when using 
KING, similar to those of the homogeneous population, both 
parameters decreased significantly for 2nd to 7th degree rela-
tionships. The greatest decrease was observed for unrelated 
individuals. The recall rate decreased from 90.00% to 85.33% 
and the precision rate decreased from 47.09% to 22.94%. 
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The overall accuracy decreased from 64.97% to 54.71%. A 
similar trend was also observed if one degree difference was 
permitted (Supplementary Figure S1B).

Performance on sparse SNP panels
Samples from the six simulated SNP panels (329k, 164k, 82k, 
41k, 20k, and 10k) were assigned a relationship based on the 
cutoffs in Table 1, and the results are shown in Figure 3. With 
fewer SNPs, both recall rates and precision rates decreased 
for the two methods, but KING was far more robust than 
IBIS. With the 164k panel, the recall rate and precision rate 
were only slightly lower than with the original 329k panel 
for IBIS. However, as the number of SNPs decreased further, 
both rates decreased sharply. In particular, with only 20k 
SNPs, only about half of the 1st degree relationships were 
recalled, despite a high precision rate (100%). With only 10k 
SNPs, the recall rates and precision rates for 1st – 7th degree 
relationships all fell below 1%. Regardless of a high recall 
rate for unrelated individuals (100%), IBIS showed markedly 
reduced precision rates with these sparse panels. In contrast, 
KING performed quite robustly. Recall rates and precision 
rates remained >99% for 1st degree relationship and about 
95% for 2nd degree relationship, even with only 10k SNPs. 
Although both rates decreased with fewer SNPs for more 
distant relationships, they were still much higher than those 
achieved by IBIS. Furthermore, we evaluated recall rates and 
precision rates when one degree difference was permitted. 
As expected, both rates increased significantly for both 
methods, and KING still outperformed IBIS (Supplementary  
Figure S2).

Performance on real family data
From the 71 members of the studied family, 143, 207, 138, 
53, 67, 101, 73 pairs of 1st to 7th degree relationships as 
well as 1 693 unrelated pairs were obtained. Although 10 

pairs of 8th degree relationships were also yielded, they were 
not included in this study. After relationship assignment, the 
results were similar to those of the simulated family data. 
Tables 2 and 3 show the details of the real and predicted 
relationships based on kinship coefficients and the total 
lengths of IBD segments. Recall rates and precision rates 
were 100% for the 1st degree relationships (parent–child and 
full siblings) when using KING and IBIS. Four out of 207 
pairs of 2nd degree relationships were incorrectly predicted 
as 3rd degree relationships with KING, thus resulting in a 
recall rate of 98.07%. In contrast, only one pair was mis-
classified and a high recall rate (99.52%) was achieved with 
IBIS. Regardless, all the sample pairs predicted as 2nd degree 
relationships were correct for both methods, i.e., 100% pre-
cision rates. Of the 138 pairs of 3rd degree relationships, 29 
pairs were incorrectly predicted as 4th degree relationships 
and 3 pairs were even incorrectly predicted as 5th degree 
relationships when KING was used. Thus, the recall rate was 
76.81% with KING while it was 83.33% with IBIS. For 4th 
to 7th degree relationships, IBIS performed much better than 
KING, with recall rates about 2 to 5 times higher than those 
of KING, and precision rates about 1.7 to 3 times higher. 
Notably, among the 1 693 pairs of unrelated individuals, none 
were predicted as related with IBIS while 20 pairs were incor-
rectly predicted as 7th degree relationships and 8 pairs were 
even incorrectly predicted as 6 th degree relationships when 
KING was used. The overall accuracies were 87.23% with 
KING and 91.84% with IBIS. If these unrelated pairs were 
excluded, the overall accuracies were 63.17% and 74.17% 
for KING and IBIS, respectively, very similar to those of the 
simulated family data. If one degree difference was permitted, 
both recall rates and precision rates increased significantly for 
the two methods. The overall accuracies increased to 93.09% 
with KING and to 98.30% with IBIS for all relationships.

Figure 3 Performance of KING and IBIS for kinship inference on sparse SNP panels. UN: unrelated individuals.

https://www.opticsjournal.net/fsr/suppl/736422
https://www.opticsjournal.net/fsr/suppl/736422
https://www.opticsjournal.net/fsr/suppl/736422
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Discussion
IGG has attracted widespread attention in forensic genetics 
in the last 5 years [2, 3, 5, 29, 30]. MoM and IBD segment 
methods are two popular algorithms for kinship inference. 
In this study, we compared the performance of KING (rep-
resenting the MoM method) and IBIS (representing the IBD 
segment method) and showed that different methods should 
be applied to different scenarios.

The main advantage of the MoM method is its high com-
putational efficiency. It typically requires tens of seconds to 
a few minutes, whereas IBD segment methods often require 
several hours to days (including the time to phase genetic data 
for some methods) [22]. It has been widely used in many fields, 
such as genetic association studies, and population genetic 
analyses. Another advantage is its requirement for far fewer 
SNPs. As shown in this study, the recall rates and precision 
rates remained >99% for 1 st degree relationship, and about 
95% for 2nd degree relationship even with only 10k SNPs, 
whereas IBIS recalled only about 1% of relationships at this 
density. In addition, Turner et al. [31] showed that KING was 
more robust and outperformed IBD segment methods in the 
presence of genotyping error, especially at higher error rates 
(1%–5%). In this regard, the MoM method (e.g., KING) 
appears well-suited for IGG, because samples from the 
criminal scenes are often fragmented, of low quantity, and/
or mixed with DNA from multiple individuals. It is error-
prone when we generate genetic data from these challenging  
samples [32, 33]. However, this method has a high false pos-
itive rate, which is problematic for large database searches. 
As estimated in this study, about 10% of unrelated pairs 
were incorrectly predicted as related. This would yield nearly 
100 000 false positive candidates when searching a database 
containing one million individuals, a number impractical 

for subsequent extensive non-DNA investigative work. Fur-
thermore, some MoM methods, e.g., KING, showed reduced 
performance in the presence of population structure, which 
might be unknown or poorly defined in forensic practice. 
Therefore, methods that account for population structure, 
such as PC-relate [21], are recommended.

In contrast, the IBD segment method has a high accuracy 
in kinship inference and an extremely low false positive  rate 
for both homogeneous and admixed populations. Notably, 
among the 1 693 pairs of unrelated individuals from the 
family studied, none were predicted as related by IBIS, 
making it powerful for large database searches. It can also 
discriminate between relationships of the same degree based 
on different IBD signals [34, 35], and has the potential to ease 
the following non-DNA genealogy searching. However, IBD 
segment method generally requires a large number of SNPs 
to be analyzed and is vulnerable to genotyping error, which 
is common for crime scene samples [32, 33]. This means the 
IBD segment method may have a high false negative rate 
for genetic data with high genotyping error. Nevertheless, in 
2022, Snedecor et al. [36] proposed an IBD-based method 
that was accurate out to 5th degree relatives using only  
10 000 SNPs. The windowed kinship algorithm uses thresh-
olds that are slightly lower than theoretical values, making it 
also relatively robust to genotyping error.

Generally, genotyping error is often unknown unless a 
reference sample is provided, but samples of high quality 
generally have low genotyping error [33]. Therefore, if a 
DNA sample meets the requirements of the platforms used, 
e.g., approximately 200 ng of genomic DNA and a good 
DNA Degradation Index (DI) score for SNP microarrays, 
high-quality SNP data can be obtained and IBD segment 
method is recommended, which is also widely used by many 

Table 2. The real and predicted relationships based on kinship coefficients estimated by KING. Relationships were determined by using the cutoffs in Table 1.

Real
Predicted

Recall rate
1st 2nd 3rd 4th 5th 6th 7th Unrelated

1st 143 0 0 0 0 0 0 0 1
2nd 0 203 4 0 0 0 0 0 0.980 7
3rd 0 0 106 29 3 0 0 0 0.768 1
4th 0 0 0 13 21 7 5 7 0.245 3
5th 0 0 0 0 13 12 5 37 0.194 0
6th 0 0 0 1 5 12 5 78 0.118 8
7th 0 0 0 0 0 0 4 69 0.054 8
Unrelated 0 0 0 0 0 8 20 1 665 0.983 5
Precision rate 1 1 0.963 6 0.302 3 0.309 5 0.307 7 0.102 6 0.897 1 Accuracy = 0.872 3

Table 3. The real and predicted relationships based on the total lengths of identity by descent (IBD) segments detected by IBIS. Relationships were determined by using 
the cutoffs in Table 1.

Real
Predicted

Recall rate
1st 2nd 3rd 4th 5th 6th 7th Unrelated

1st 143 0 0 0 0 0 0 0 1
2nd 0 206 1 0 0 0 0 0 0.995 2
3rd 0 0 115 23 0 0 0 0 0.833 3
4th 0 0 2 29 18 4 0 0 0.547 2
5th 0 0 0 2 31 22 7 5 0.462 7
6th 0 0 0 0 3 37 35 26 0.366 3
7th 0 0 0 0 0 5 19 49 0.260 3
Unrelated 0 0 0 0 0 0 0 1 693 1
Precision rate 1 1 0.974 6 0.537 0 0.596 2 0.544 1 0.311 5 0.954 9 Accuracy = 0.918 4



Li et al., Forensic Sci Res, 2026,11(1),  tfsr20230188

Page 7 of 8

DTC companies [2]. The IBD segment method is also pre-
ferred for samples from admixed populations. Conversely, 
for samples of low quantity and/or quality, the MoM method 
is more appropriate. In more complex scenarios involving 
low-quantity/quality samples from admixed populations, 
neither method may perform optimally. In such cases, we 
therefore recommend using both methods, given the high 
robustness of the MoM method and the high accuracy of the 
IBD segment method.

Furthermore, we showed that both methods had lower 
performance in admixed populations than in homogeneous 
populations, with a slight decrease in accuracy for IBIS (from 
72.92% to 70.88%) and a significant decrease for KING 
(from 64.97% to 54.71%). As kinship coefficients or the total 
lengths of IBD segments were underestimated for the major-
ity of relationships (Supplementary Figure S3), many related 
individuals were incorrectly classified as unrelated, which 
could explain the greatest decrease in precision rates for 
unrelated pairs. In addition, there were also more unrelated 
individuals that were assigned as related. Therefore, there is 
a higher risk of missing true matches and of falsely including 
unrelated individuals in admixed populations. Given this, 
genetic background should be taken into account and there 
is an urgent need to develop new algorithms to address these 
issues. Currently, IGG practitioners are dependent on the 
kinship algorithms chosen by database providers. However, 
as the need for IGG grows, there will be a large number of 
DNA profiles of low quality, and alternative methods or new 
algorithms may be implemented by the database owners. 
More importantly, forensic labs may have their own data-
bases in the future (e.g., a small database of disaster victims). 
In such cases, kinship inference methods that are robust to 
challenging crime scene samples will be preferred and should 
be implemented.

Another contribution of this study is our proposal of an 
equivalent threshold-based method for kinship inference using 
either kinship coefficients or the lengths of IBD segments. We 
also explored several machine learning approaches, finding 
k-NN to perform best among them. Nevertheless, our thresh-
old-based method showed slightly superior performance to 
the k-NN approach. However, machine learning approaches 
(e.g., k-NN) have some limitations. They typically require 
large training datasets to achieve reliable performance, which 
may be a challenge for some laboratories. In addition, there 
may be inconsistent or even opposite conclusions with differ-
ent models.

Although attractive, IGG also has some limitations. First, 
the technology is not compatible with existing platforms, 
and many forensic laboratories do not have the required 
infrastructure/instrumentation to perform SNP microarrays 
or WGS in-house [3, 30]. Furthermore, although SNPs have 
smaller amplicons than STRs and are expected to have better 
performance for degraded samples, it appears that these tech-
nologies do not outperform traditional forensic platforms 
for the analysis of degraded samples [32, 33]. Second, IGG is 
relatively expensive, not only in money but also in time. It has 
been estimated that about US$3 000 to US$10 000 per case is 
required for the IGG service, much higher than the cost of tra-
ditional familial searching and Y-STR database searching [3].  
In addition, as many matches may be obtained through a da-
tabase search and each match may have hundreds to thousands 
of distant relatives [9, 37], more efforts are required for the 
follow-up non-DNA investigations. The time taken for IGG 

investigations to resolve cases is weeks to months whereas fa-
milial searching takes only days to weeks [3]. Third, there are 
also some ethical issues associated with this approach, which 
have been discussed widely [2, 37]. Nevertheless, Budowle  
et al. [38] argue that IGG is cost-effective at a system level, as 
it prevents police resources from being wasted on ineffective 
methods and helps prevent crimes and victimization.

There are some limitations of this study. First, we employed 
only one approach to represent the two types of kinship 
inference methods: KING for the MoM method and IBIS for 
the IBD segment method. However, it is worth noting that 
there are numerous other tools that utilize distinct principles, 
which may have different performance compared to the two 
methods studied. In particular, approaches used for the anal-
ysis of ancient DNA may be promising tools for challenging 
crime scene samples [39]. Second, the sample size of real 
family dataset was relatively small and, more importantly, 
the performance of related methods on real challenging sam-
ples was not explored, which will be studied in our future  
work.

Conclusion
The MoM method (e.g., KING) is fast and requires fewer 
SNPs. Nevertheless, it has reduced performance for distant 
kinship inference and in admixed populations. In contrast, 
the IBD segment method (e.g., IBIS) achieves high accuracy 
for both close and distant relationships, with an extremely 
low false positive  rate across homogeneous and admixed 
populations. However, it is vulnerable to genotyping errors, 
and may not be suitable for challenging crime scene samples. 
Therefore, for high-quality samples, particularly those from 
admixed populations, the IBD segment method is recom-
mended. In contrast, if the samples are of low quantity/quality, 
MoM is more appropriate. For more complex scenarios, both 
methods can be tried. More importantly, there is an urgent 
need to develop new algorithms to address these issues.
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