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Abstract 

Assessments of population genetic structure have become an increasing focus as they can 

provide valuable insight into patterns of migration and gene flow. STRUCTURE, the most 

highly cited of several clustering-based methods, was developed to provide robust 

estimates without the need for populations to be determined a priori. STRUCTURE 

introduces the problem of selecting the optimal number of clusters and as a result the ΔK 

method was proposed to assist in the identification of the ‘true’ number of clusters. In our 

review of 1,264 studies using STRUCTURE to explore population subdivision, studies that 

used ΔK were more likely to identify K=2 (54%, 443/822) than studies that did not use ΔK 

(21%, 82/386). A troubling finding was that very few studies performed the hierarchical 

analysis recommended by the authors of both ΔK and STRUCTURE to fully explore 

population subdivision. Furthermore, extensions of earlier simulations indicate that, with a 

representative number of markers, ΔK frequently identifies K=2 as the top level of 

hierarchical structure, even when more subpopulations are present. This review suggests 

that many studies may have been over- or underestimating population genetic structure; 

both scenarios have serious consequences, particularly with respect to conservation and 

management. We recommend publication standards for population structure results so that 

readers can assess the implications of the results given their own understanding of the 

species biology. 

 

Keywords: population genetic structure, delta K, optimal K, clustering methods, 

conservation, management. 
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Introduction 

A common focus in evolutionary biology is the study of genetic structure. Such studies can 

provide insight into patterns of gene flow and demography among ‘populations’  that could 

not be obtained from observation alone (e.g., Cavender-Bares et al. 2015, Cullingham et al. 

2016). The applied value of such information has been demonstrated numerous times, for 

example in conservation (Worth et al. 2014, Cullingham et al. 2016), pest management 

(Chapuis et al. 2008, Kerdelhue et al. 2014), the identification of species boundaries (Janes 

et al. 2012, Hamlin & Arnold 2014), and disease control (Atterby et al. 2010). In response to 

the increasing interest in genetic structure, there have been significant efforts to develop 

more refined methods. Techniques for assessing genetic structure have progressed from 

straightforward estimates of FST among assumed populations to more purposeful 

nonhierarchical clustering algorithms (especially Bayesian and maximum likelihood 

approaches) that can help delineate populations without a priori expectations. In addition, 

automated pipelines that quickly summarize results and produce publication-quality 

graphics are available online. But, given the increasing ease with which we can obtain 

estimates of population genetic structure, are we actually getting it right?  

In recent years we have noted a growing number of papers reporting two genetic clusters 

when using population genetic structure software, such as STRUCTURE (Pritchard et al. 

2000), and particularly when the commonly used Evanno et al. (2005) method of identifying 

the ‘optimal’ number of clusters (hereafter referred to as the ΔK method) is applied. While 

the presence of two genetically distinct clusters will undoubtedly be observed among a 

number of populations in certain circumstances, we questioned the rate, and predictability, 

with which two clusters have been identified when using the ΔK method. Here we aim to 
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highlight the issue for further discussion within the scientific community, with data gathered 

from the literature and from new simulations. We outline a number of considerations in 

reporting population structure methods and results, and recommend a consistent approach 

be adopted within the field of population genetic structure studies.  

 

Non-hierarchical population clustering 

F-statistics (Wright 1951, Weir & Cockerham 1984) describe population subdivision from 

which we infer population-level structure, and they remain one of the most widely used 

parameters in population genetics. However, the subjectivity with which populations are 

determined, a priori, can result in biased estimates of structure (Balloux and Lugon-Moulin 

2002). This problem was carried forward into early population assignment methods (e.g., 

Paetkau et al. 1995, Rannala and Mountain 1997) that focused on identifying migrant 

individuals through differences in allele frequency patterns among populations defined a 

priori. Since these early methods, numerous other approaches have been proposed and 

implemented in various software packages (see S1 for examples) to identify genetic 

structure. The specific applications of these packages vary slightly depending on the original 

purpose of the software, its statistical methodology, and assumptions about the data. For 

example, some packages may use maximum likelihood or full Bayesian algorithms to identify 

structure, incorporate spatial information, and/or facilitate hybrid classification (S1).  

The most widely used package in population genetics is STRUCTURE (Pritchard et al. 2000). 

A Scopus® search (conducted February 16, 2016) provided over 11,900 citations for the 

original STRUCTURE paper, while alternatives such as BAPS (Corander et al. 2003) and TESS 
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(Chen et al. 2007) return 506 and 317 citations, respectively.  STRUCTURE implements a 

Bayesian clustering algorithm to simultaneously assign all individual samples to genetic 

clusters without the need for predefined spatial or genetic population information. Thus, 

STRUCTURE removes the a priori bias encountered in FST-based assessments of population 

genetic structure.   

Briefly, STRUCTURE assumes a model with K unknown clusters representing genetic 

populations. These unknown clusters are defined by variation in allele frequencies, and 

individuals are assigned to groups, either with or without admixture (Pritchard et al. 2000). 

The user determines the range of possible values of K (e.g., 1-10) that may be present, and 

runs STRUCTURE multiple times with each value of K. In order to optimize the clusters, 

STRUCTURE assumes that all loci are unlinked (default settings), and that populations are in 

Hardy-Weinberg equilibrium (Pritchard et al. 2000). 

 

Selecting the appropriate K 

One source of uncertainty in using the program STRUCTURE has been selecting the value of 

K that best fits the data. The original STRUCTURE paper (Pritchard et al. 2000) advises users 

to run several iterations of the program for each successive value of K and then plot the 

posterior probability of K to obtain the optimal K value (as implemented in Clumpak 

(Kopelman et al. 2015)). However, the manual for STRUCTURE (Pritchard & Wen 2004) 

recommends plotting an average across all iterations of the estimated natural logarithm of 

the probability of the data (Ln Pr(X|K)), also known as the likelihood of K for each value of K. 

If there is no clear maximum likelihood, the point at which the plot curvature plateaus is 

suggestive of the optimal K (Pritchard & Wen 2004). The authors of STRUCTURE 
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acknowledge that this is an ad hoc approximation and advise that users select a value that is 

biologically sensible. Understandably, several others have commented on the difficulty in 

determining the point of plateau (e.g., Falush et al. 2003, Evanno et al. 2005, Latch et al. 

2006, Francois and Durand 2010) and a number of factors, in addition to the inherent 

Bayesian calculation complexity, have been cited as contributors to the problem. For 

example, high rates of gene flow among populations (Waples & Gaggiotti 2006), the 

presence of close relatives (vonHoldt et al. 2010, Rodriguez-Ramilo 2012) (although see 

Waples & Anderson 2017 also), small numbers of individuals or loci (Waples and Gaggiotti 

2006), and study design (Rosenberg et al. 2005). In addition, uneven sample sizes 

(Puechmaille 2016) may further confound results, especially if users do not adjust the 

default parameters (see Wang 2016 for examples). It has also been recommended that 

users make use of sample group information (LOCPRIOR) (Hubisz et al. 2009) and the 

correlated allele frequency option (Falush et al. 2003) if there is a risk that their dataset may 

be information poor, or the user suspects the pattern of genetic structure is particularly 

weak. 

As of STRUCTURE version 2.1 (Pritchard and Wen 2004), the authors recommend the 

additional practice of performing subsequent STRUCTURE runs on previously identified 

clusters, in order to detect further patterns of genetic structure (Pritchard and Wen 2004). 

Prior to this, Rosenberg et al. (2002) introduced the concept of reanalyzing subsets of data, 

although their reanalysis was performed based on geographic subdivisions rather than 

clusters. The particular practice of reanalyzing clusters was reiterated in further detail in 

Vähä et al. (2007) where it was termed ‘hierarchical structure analysis’.  
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The ΔK method 

The ΔK method was introduced by Evanno et al. (2005) to complement the Ln Pr(X|K) 

selection method. In their paper, Evanno et al. (2005) tested the accuracy with which 

STRUCTURE can detect the ‘true’ number of simulated populations, particularly when 

presented with a data set in which migration among populations is uneven. Using a 

conservative number of samples and loci simulated under different demographic scenarios, 

Evanno et al. (2005) explored the change in the slope of the Ln Pr(X|K) curve as a means to 

select K. They proposed the calculation of ΔK, a statistic based on the second-order rate of 

change of Ln Pr(X|K), whose maximum value would occur at the optimal value of K – 

presumed to be the ‘true’ number of populations given the available data. This provides a 

simple means to more easily identify the ‘true’ number of clusters. However, Evanno et al. 

(2005) concluded that ΔK is likely to detect the uppermost level of genetic structure 

patterns, and that subsequent hierarchical analysis, similar to that first recommended by 

Pritchard and Wen (2004), and later by Vähä et al. (2007), is needed to identify further 

nested clusters. In addition, the use of ΔK does not allow the assessment of K=1 as a 

potential solution. As a consequence, the authors stressed, quite clearly, that ΔK should not 

be used exclusively as it is also an ad hoc approach. 

Since its publication, the ΔK method has been widely adopted (5,791 Scopus citations as at 

February 16, 2016). Web-based pipelines, such as Structure Harvester (Earl and vonHoldt 

2012) and Clumpak (Kopelman et al. 2015), have significantly streamlined the process of 

obtaining both Ln Pr(X|K) and ΔK plots. With these tools, users are provided with a value 

that represents the inferred number of clusters in population genetic structure studies. 



A
cc

ep
te

d
 A

rt
ic

le
A

cc
ep

te
d

 A
rt

ic
le

This article is protected by copyright. All rights reserved. 

Thus, obtaining results with these tools has become quicker and ‘easier’, which likely 

explains their widespread use.  

 

Is there a trend for K=2? 

From perceiving an increase in the number of papers reporting K=2 we wanted to 

determine: 1) if there are trends in the reported value of K and the use of ΔK, 2) if there is a 

higher frequency of K=2 when ΔK is used, and 3) what additional factors might be 

contributing to such a pattern (e.g., assessments of hierarchical structure, use of both ΔK 

and Ln Pr(X|K)).  Briefly, we performed a review of papers citing Pritchard et al. (2000), 

including those papers citing both Pritchard et al. (2000) and Evanno et al. (2005), using a 

Scopus search (conducted February 16, 2016) limited to life sciences. This search returned a 

total of 11,973 papers across 1,450 journals from 2001 to 2016. The journals Molecular 

Ecology and PLOS ONE accounted for the highest numbers of publications (1,181 (9.86%) 

and 746 (6.23%), respectively). To filter this large search to a manageable number of papers, 

we limited our review to those papers in Molecular Ecology. From each paper, we recorded 

the number of samples, the number and type of genetic markers, STRUCTURE parameters, 

and the use of the ΔK method (for full details refer to S2 and S3). Because numerous papers 

perform multiple STRUCTURE runs using different parameters, markers or samples, we 

counted each of these as ‘studies’ and included them as separate data points in the review. 

Furthermore, we only included papers and studies testing a range of K values as studies that 

assessed one value of K (i.e., 2), such as those only interested in identifying putative hybrids, 

were not considered relevant to our question. Specifically, we wanted to understand if K=2 

is being reported more often than expected when using the ΔK method, and what factors 
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might be contributing to this pattern. For example, are publications reporting K=2 also 

assessing hierarchical structure, or are findings based solely on the ΔK method?  

From 1,181 unique papers published in Molecular Ecology, we obtained a total of 1,744 

analyses (hereafter referred to as studies). In total, 450 studies were excluded for being 

irrelevant to the question (i.e., perspectives, studies that used STRUCTURE but did not 

determine K, studies that did not assess a range of K values), leaving a total of 1,264 studies 

for our review. Within these 1,264 studies, we found a distinct increase over time in the 

proportion of studies incorporating ΔK to infer the optimal K (ΔK alone b=2.73, R2=0.457, 

P<0.035; both Ln Pr(X|K) and ΔK b=1.97, R2=0.509, P=<0.025) (Fig. 1). A total of 469 (37%) 

studies used ΔK only (Fig. 2). In contrast, 386 (30%) studies used only Ln Pr(X|K) to infer the 

optimal K, while 353 (28%) studies used both methods (Fig. 2). The remaining 56 studies did 

not provide a clear indication of how the optimal K was chosen or what the optimal K was. A 

total of 525 studies identified K=2, including 51% of studies using ΔK alone (240/469 studies; 

19% of all studies), and 58% of studies using both Ln Pr(X|K) and ΔK (203/353 studies; 16% 

of all studies). Only 21% of studies (82/386 studies; 6% of all studies) that used Ln Pr(X|K) 

alone identified K=2 (Fig. 2). Among the 437 studies observing the maximum ΔK at K=2 

(240+101+96; Fig. 2), 303 actually reported K=2 as their main finding (69% of studies 

observing max. ΔK at K=2; 24% of all studies), while 127 (29% of studies observing max. ΔK 

at K=2; 10% of all studies) did not (Fig. 2). The remaining seven studies did not state a clear 

conclusion regarding the number of genetic clusters due to conflicting results from different 

lines of evidence (e.g., BAPS vs STRUCTURE), or within methods used to select the optimal K 

(e.g., Ln Pr(X|K) vs ΔK). Of the 82 studies that found K=2 using Ln Pr(X|K) only, and the six 

studies where Ln Pr(X|K) supported K=2 when using both methods (Fig. 2), only 81 and two 
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reported K=2 as a final result, respectively. While the proportion of studies using ΔK and 

reporting K=2 as a final result does not appear to be increasing disproportionately over time 

(Fig. 3), K=2 is more likely to be identified (443/822 with vs 82/386 without ΔK; Fisher’s 

exact test P <0.001), and more likely to be reported as a final result when using the ΔK 

method, overall (303/430 with vs 81+2/1+4 without ΔK; Fisher’s exact test P <0.001). 

Further details, including the proportions of studies identifying and reporting K=2 over time, 

can be found in the supplementary material. 

 

Are we ignoring the recommendations? 

Our review of a representative number of studies assessing population genetic structure 

patterns shows that K=2 is more common when using the ΔK method (Fig. 2). In addition, 

we find that a large number of studies reporting K=2 do so based on the ΔK method alone. 

Only 243 (29%) of the 822 studies using ΔK, alone or with Ln Pr(X|K), subsequently 

performed a full hierarchical analysis. Only half of the studies using ΔK (424; 51%) compared 

their ΔK result to another line of evidence (e.g., population clustering method or 

phylogenetic tree), although this was hard to quantify systematically due to the way in 

which we accounted for comparisons with other methods. This practice goes against the 

recommendations of both Pritchard and Wen (2004), and Evanno et al. (2005), which state 

that both methods of selecting K are ad hoc and should be used in conjunction with other 

methods. Unfortunately, this same pattern seemed to persist even when authors did not 

make use of the ΔK method, as only 33 (11%) of the 302 studies using STRUCTURE without 

the ΔK method used a fully hierarchical approach, and only 185 (61%) compared the 

STRUCTURE Ln Pr(X|K) results to another line of evidence. This suggests that K may have 



A
cc

ep
te

d
 A

rt
ic

le
A

cc
ep

te
d

 A
rt

ic
le

This article is protected by copyright. All rights reserved. 

been underestimated even without the ΔK method, although many studies re-anlayzed 

subsets of the samples in less systematic ways. 

Another observation made from our review, is that a high proportion of studies do not 

provide a probability plot or value for the optimal Ln Pr(X|K) in order to compare with a ΔK 

plot, nor do they provide a value of support for ΔK. We recorded a total of 528 studies (41% 

of all studies) that did not explicitly state an optimal Ln Pr(X|K) value. Although we cannot 

be certain that the supplementary material contains the relevant information, as this was 

not a criterion assessed during this review, only 141 (27%; 11% of all studies) of studies 

indicated that they had supplementary material. Given that the selection of an optimal K 

value is often ad hoc, irrespective of which method for selection is used, it seems pertinent 

that authors include the ΔK plot, Ln Pr(X|K) plot, and posterior probabilities for peer review. 

More concerning perhaps was the oversight of a number of authors to provide information 

regarding their parameters (e.g., number of MCMC iterations, burn-in, etc.) despite this 

recommendation in a previous Molecular Ecology review (Gilbert et al. 2012). For example, 

162 studies did not indicate how many iterations of each K were run, 99 studies failed to 

provide how many K’s were tested, and 49 studies did not provide a burn-in number. Many 

more studies did not provide details on whether the admixture or correlated alleles models 

were used (164 and 334, respectively).  

Of course, our review is relatively coarse in the sense that we did not explicitly account for 

the purpose of all of the original studies. For example, while we did discount papers 

assessing a fixed value of K, we did not necessarily exclude papers that may have been 

assessing admixture among two species, or specifically focusing on a hybrid zone. If the 

paper indicated that the authors assessed general population genetic structure over 
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multiple K values, it was included in this review. Furthermore, we did not distinguish how 

the optimal K was selected from Ln Pr(X|K) values. A number of authors appear to select the 

optimal value based on the point at which the curve begins to flatten, whereas others select 

on the basis of the highest probability value, for instance. Ultimately, we consider our 

review as a starting point to highlight trends and demonstrate the need for the 

development of a publication standard with respect to assessing and reporting population 

genetic structure results – a point which we are not the first to make (i.e., Gilbert et al. 

2012). 

 

Alternatives to the current methods 

While the authors of population structure studies have been aware of the ad hoc nature of 

popular methods for selecting the optimal K, it seems that some authors have not 

particularly helped the situation by neglecting to include important information that could 

help readers better understand the implications of selecting one value of K over another. In 

addition, since there is no way of validating K=1 using the ΔK method, it may be that K=2 is 

reported by default. Alternatively, given a choice between two potentially conflicting results 

(e.g., ΔK and the optimal Ln Pr(X|K)), it is possible that some authors subconsciously opt for 

that result which will align with pre-existing data or preconceptions about the data. But, do 

these issues stem from a lack of suitable alternatives to the Ln Pr(X|K) and the ΔK methods, 

or is the apparent lack of formal guidelines for reporting population genetic structure results 

more of a problem?   
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S1 provides a comprehensive, albeit not exhaustive, list that demonstrates the sheer 

number of population clustering algorithms that exist in the literature. In spite of 

differences in the types of questions designed to be addressed, methodological approaches 

and speed, the majority of these clustering methods still require an ad hoc approach to 

determining the best K. Several studies have very recently attempted to advance our 

methodologies for determining population genetic structure, whether through alternative 

methods to assess structure, or novel statistics to complement Ln Pr(X|K) and ΔK. For 

example, Verity and Nichols (2016) introduced an alternate software for population 

structure studies: MavericK (see S1). The software, demonstrated on several small 

simulated data sets and one modest re-analysis, indicates that it outperforms both the Ln 

Pr(X|K) and the ΔK methods, in addition to the Akaike, Bayesian and deviance information 

criteria, with respect to accuracy (Verity and Nichols 2016). The ability to estimate K based 

on the strength of evidence is promising, but it is yet to be seen how widely this approach is 

adopted and how well it performs in a broader range of scenarios. As life science data sets 

continue to increase in size, users of population genetic structure methods may be more 

likely to turn to maximum likelihood methods (see S1) for rapid and reasonably accurate 

results. 

Another recent example  devised four alternate statistics to the Ln Pr(X|K) and the ΔK 

methods (Puechmaille 2016). These new estimators (median of means, maximum of means, 

median of medians, and maximum of medians) are based on a count of the number of 

independent clusters that individuals from user-defined subpopulations (i.e., location data) 

are assigned to (Puechmaille 2016). These estimators appear to be more accurate than the 

traditional Ln Pr(X|K) and the ΔK methods, particularly when sampling among 
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subpopulations is uneven, and the estimators could be applied to other population genetic 

structure programs that provide membership coefficients. While these new estimators are 

an appealing alternative, they have not yet been tested widely. Despite the recent 

development of potential alternatives, one important question still needs to be addressed.  

 

How reliable is ΔK? 

Evanno et al. (2005) performed a series of STRUCTURE analyses on simulated datasets of 

microsatellite and AFLP loci representing three demographic scenarios of varying 

complexity: an island model, a contact zone, and a hierarchical model. The microsatellite 

datasets comprised five or 10 loci, and represented a hermaphroditic diploid organism. 

Evanno et al. (2005) showed that the mode of ΔK across 10 independent simulations and 

STRUCTURE runs with 20 iterations each correctly identified the appropriate level of 

structure for the island model, and correctly identified the uppermost level of structure for 

both the hierarchical and contact zone models. 

In the past year there have been two notable examples of the questionable performance of 

ΔK. First, Verity and Nichols (2016) recently demonstrated that ΔK was not particularly 

effective in identifying the true K when simulated populations are discrete. The mean 

accuracy of ΔK was only 55.6% for datasets comprising 10 loci although, the performance of 

ΔK did improve with increasing numbers of loci (20 loci = 94.6%; 50 loci = 99.6%) (Verity and 

Nichols 2016). While these results suggest that ΔK is not especially reliable, they do not 

specifically test for a bias in the ΔK. Second, Wang (2016) assessed the accuracy of ΔK, but 

focused on the issue of uneven sampling among populations. Wang (2016) simulated 
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numerous datasets with an island model of migration, varying the number of individuals and 

loci in each, with each combination replicated 100 times. Overall, Wang (2016) showed that 

maximizing Ln Pr(X|K) tends to over-estimate the level of structure (a point that has been 

made before e.g., Pritchard et al. (2000), Pritchard and Wen (2003), and Hubisz et al. 

(2009)), while ΔK tends to under-estimate structure. While the accuracy of ΔK to correctly 

identify the true K was always <60%, it performed best, under an island model, when 

sampling among populations was balanced (Wang 2016). 

To further test the reliability of ΔK as an indicator of the ‘optimal’ value of K, or the 

uppermost hierarchy of structure, we repeated the simulations used by Evanno et al. (2005) 

with some modifications. Guichoux et al. (2011) noted that an average of 11.6 microsatellite 

markers were used in recent studies, although we found an average of 15 (s.e. ± 0.9) 

microsatellite markers across studies herein. We simulated new datasets using 20 loci with 

10 allele states to balance power, an average number of markers (as identified here), and 

numbers of markers used in recent simulation studies (i.e., Verity and Nichols 2016, Wang 

2016). Populations were generated comprising two separate sexes, in contrast to the 

hermaphroditic individuals simulated by Evanno et al. (2005). All other EASYPOP 2.0.1 

(Balloux 2001) parameters followed Evanno et al. (2005). Twenty iterations of STRUCTURE 

2.3.4 (Pritchard et al. 2000) were run for 10 replicates of each model (island, contact zone, 

and hierarchy) as per Evanno et al. (2005). In addition, each of the 10 replicates per model 

were examined using a modified alpha (as per Wang 2016). Further to this, we created 10 

replicates of each model without migration, similar to Verity and Nichols (2016), to more 

specifically test if ΔK exhibits a bias toward K=2 even when populations are discrete. Briefly, 

the island model comprised five populations; the contact zone depicted a stepping-stone 
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model with limited migration between two groups of five subpopulations; and the 

hierarchal model represented five archipelagos, each comprising four subpopulations. We 

tested values of K from 1-8, 1-13 and 1-23 for each of these models, respectively. 

Hierarchical substructure analyses were not performed because we were interested in the 

reliability of a single-step ΔK analysis to detect either the uppermost level of structure 

accurately or the total number of subpopulations. Full details of parameters can be found in 

S4. With these simulations, we asked three questions, given each set of parameters: 1) Do 

the modal values of ΔK outperform or equal Ln Pr(X|K) in identifying the true number of 

subpopulations, or the top level of hierarchical structure? 2) Does this method perform 

poorly in discrete populations (similar to Verity and Nichols 2016), showing a bias toward 

K=2, compared with simulations allowing migration? 3) Does Wang’s (2016) 

recommendation of changing the alpha parameter improve the performance of ΔK and Ln 

Pr(X|K) in more complex demographic scenarios? 

As per Evanno et al. (2005), ΔK returned a mode of K=5 when analyzing the simple island 

model. ΔK successfully returned the true value of K 90% of the time when using default 

parameters, and 60% of the time with a lower alpha value for the island model (Fig. 4). For 

the contact zone model, ΔK identified the uppermost level of structure 90% of the time 

(mode K=2) with default parameters, dropping to 80% accuracy with a modified alpha (Fig. 

4). The Ln Pr(X|K) value obtained from Clumpak (Kopelman et al. 2015) for both the island 

and contact zone models consistently over-estimated K (modes of K=8 and K=13, 

respectively), although close inspection of the resulting bar plots may have shown these 

over-estimated K values to be nonsensical. From data simulated using the hierarchical 

model, the Ln Pr(X|K) method performed substantially better than ΔK with default 
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parameters (40% accuracy, mode K=20 vs. 0% ΔK accuracy, mode K=2) and when the alpha 

was modified (30% accuracy, mode K=21 vs. 0% ΔK accuracy, mode K=2) (Fig. 4). Thus, ΔK 

was unable to detect the uppermost level of structure (K=5) under a hierarchical model. 

Verity & Nichols (2016) indicated that ΔK can infer the true level of structure, for discrete 

populations with 20 loci, an average of 55.6% of the time. Applying ΔK to models without 

migration we did not see a strong bias in ΔK for the selection of K=2. However, similar to 

Verity and Nichols (2016), our results show that neither ΔK nor Ln Pr(X|K) consistently 

identified the correct level of structure (Figure 4).   

While the maximum values of ΔK and Ln Pr(X|K) did not perform especially well when 

considering a hierarchical model for populations containing two sexes, in spite of a 

reasonable number of loci, it is more concerning that the modal value for population 

structure obtained using ΔK was so far from the true value of K and did not always reflect 

the top level of structure, as suggested by Evanno et al. (2005) (Fig. 4). Considering that the 

majority of studies reviewed here did not perform hierarchical structure analyses it is easy 

to see how a particularly erroneous ΔK result could be obtained under more complex 

evolutionary scenarios, such as those encountered in ‘real world’ datasets. 

 

The risks of getting K wrong 

It seems that the long-standing recommendation of comparing multiple lines of evidence 

(e.g., STRUCTURE with BAPS or PCA) has not been widely applied. This factor, coupled with 

the sole reliance of many authors on default STRUCTURE parameters (see Wang 2016 for 

examples) and the ΔK result, may have artificially increased the number of studies reporting 
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a finding of K=2. While we acknowledge that the notion of a ‘true’ K may not be applicable 

to real metapopulations (e.g., Pritchard et al. 2000, Rosenberg et al. 2002, Raj et al. 2015, 

Verity and Nicholls 2016, Novembre 2016, Falush et al. 2016), serious consequences can 

result from the failure to identify subpopulations that are supported by the available data 

(underestimating population structure), or over-splitting in spite of a lack of evidence (over-

estimating population structure). 

Both over- and underestimating structure is extremely troubling for assessments of species 

in need of conservation and management actions (Funk et al. 2012). Specifically, 

underestimating structure can lead to management actions at the wrong spatial scale, 

inflating population size estimates and preventing protection under legislation, thereby 

increasing the risk of extinction for one (or more) of the “cryptic” genetic clusters (e.g., 

Niemiller et al. 2013). In addition, underestimating structure can lead to incorrect 

conclusions when conducting association studies (e.g., Astle and Balding 2009) or detection 

of Fst outliers (e.g., Excoffier et al. 2009). On the other hand, over-estimating structure can 

also have negative consequences for management. For example, barriers to gene-flow have 

been demonstrated to be barriers to disease spread also (e.g., Hampton et al. 2004, 

Cullingham et al.  2009). Thus, the misidentification of population structure could result in 

putting wildlife populations at risk.  Furthermore, over-estimating population genetic 

structure could lead to costly conservation actions which may include translocations or 

habitat restoration to unnecessarily promote gene flow (Moritz 1999, Crandall et al. 2000). 

In light of the problems with obtaining an optimal K, we reiterate a question that has been 

asked repeatedly in the literature (e.g., Novembre 2016): are we focusing too much on K? 

Rather than focus on interpreting genetic clusters as isolated, panmictic “populations”, 
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perhaps we should focus more on the evidence for genetic subdivision. In this type of 

analysis, the quality of the evidence is important, and an absence of evidence for 

subdivision is not necessarily evidence of an absence of subdivision. Applying the knowledge 

gained from STRUCTURE and similar programs requires careful consideration of the species’ 

biology (e.g., Verity and Nichols 2016; Raj et al. 2014; Jombart and Collins 2015). Ultimately, 

the integration of ecology, natural history and complementary genetic analyses is likely to 

provide a more realistic and useful picture of the genetic, evolutionary and demographic 

processes affecting the status of a species.  

 

Recommendations for future works 

By documenting a dramatic over-representation of K=2 in studies relying on the ΔK method, 

and demonstrating that ΔK is not particularly reliable under complex evolutionary scenarios, 

we have highlighted a source of bias with potentially serious downstream effects. These 

results suggest that some of the studies we reviewed might have been improved by 

following the clear recommendations outlined by Pritchard et al. (2000), Pritchard and Wen 

(2004) and Evanno et al. (2005). There have also been previous attempts to establish 

standards for papers reporting the use of population structure methods (Gilbert et al. 2012). 

We fully agree with the recommendations of Gilbert et al. (2012) for reporting STRUCTURE 

use, but we also strongly recommend that publication standards be put in place for 

estimating and reporting selected K values. At a minimum, we advise users of population 

structure software to: 1) follow the three recommendations outlined in Gilbert et al. (2012) 

to ensure reproducibility of STRUCTURE results; which includes clearly outlining the process 

taken to infer the optimal K value and showing the Ln Pr(X|K) and ΔK plots; 2) include 
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STRUCTURE barplots for multiple values of K in the supplementary material; 3) report 

multiple modes (e.g., from CLUMPAK results) within replicate runs of a given K; 4) assess 

and report on hierarchical structure irrespective of which value of K is identified or 

reported; and 5) do not rely on ΔK alone to provide an optimal value of K. Even this bare 

minimum approach will assist readers in better understanding the result presented, and 

allow them to make their own inferences based on their understanding of the biology of the 

species.   
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