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Structured abstract 15 

Identifying sample mix-ups in biobanks is essential to allow the repurposing of 16 

genetic data for clinical pharmacogenetics. Pharmacogenetic advice based on the 17 

genetic information of another individual is potentially harmful. Existing methods for 18 

identifying mix-ups are limited to datasets in which additional omics data (e.g. gene 19 

expression) is available. Cohorts lacking such data can only use sex, which can 20 

reveal only half of the mix-ups. Here, we describe Idéfix, a method for the 21 

identification of accidental sample mix-ups in biobanks using polygenic scores. 22 

 23 

In the Lifelines population-based biobank we calculated polygenic scores (PGSs) for 24 

25 traits for 32,786 participants. Idéfix then compares the actual phenotypes to 25 
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PGSs and uses the relative discordance that is expected for mix-ups, compared to 26 

correct samples. 27 

 28 

In a simulation, using induced mix-ups, Idéfix reaches an AUC of 0.90 using 25 29 

polygenic scores and sex. This is a substantial improvement over using only sex, 30 

which has an AUC of 0.75. Idéfix therefore is not yet able to identify every sample 31 

mix-up. However, this will likely improve soon, with highly powered GWAS summary 32 

statistics that will likely become available for more commonly measured traits. 33 

 34 

Nevertheless, Idéfix can already be used to identify a high-quality set of participants 35 

for whom it is very unlikely that they reflect sample mix-ups, and therefore could be 36 

offered a pharmacogenetic passport. For instance, when selecting the 10% of 37 

participants for whom predicted phenotypes adhere best to the actually measured 38 

phenotypes, we estimate that the proportion of sample mix-ups is reduced 250-fold.  39 

 40 

Availability and implementation: Idéfix is freely available at 41 

https://github.com/molgenis/systemsgenetics/wiki/Idefix 42 

Contact: l.h.franke@umcg.nl   43 
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1 Introduction 44 

Biobanks systematically collect (human) biological samples and associated data for 45 

research purposes. Enrichment of these biobanks is common through 46 

measurements on the collected samples, for example by analyzing serum levels of 47 

biological compounds or by genotyping. Repurposing of genetic data for clinical use 48 

has become of increasing interest over the past decades (National Academies of 49 

Sciences, Engineering, and Medicine et al., 2018). Whereas some initiatives make 50 

use of existing diagnostic data (Lee et al., 2020), there are great opportunities for 51 

clinical repurposing of existing non-diagnostic data generated by biobanks. However, 52 

quality control measures to prevent sample mix-ups (or sample swaps) are 53 

commonly less stringent because of the research setting this data was generated in. 54 

The existence of sample mix-ups can result in the reporting of results that don’t 55 

correspond with the individual and could thereby harm this individual’s health 56 

(Gasche et al., 2004)(Ciszkowski et al., 2009)(Heemskerk-Gerritsen et al., 2019). 57 

The number of sample swaps that are expected in a research setting varies, with an 58 

average having been reported of 3% in genomics datasets (Westra et al., 2011), 59 

whereas the frequency of misidentification in laboratory diagnostics is estimated to 60 

be between 0.01% and 0.1% (Lippi et al., 2017). 61 

 62 

Identifying sample mix-ups in biobank data is a prerequisite to allow it to be used 63 

clinically and helps to improve the quality of the data for scientific analysis which will 64 

benefit from improved statistical power. It is for example known from simulations that 65 

sample mix-ups negatively affect the power of genome-wide association studies 66 

(GWASs) and thereby hinder the detection of variants with smaller effect sizes 67 
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(Zheng and Tian, 2005)(Samuels et al., 2009)(Buyske et al., 2009)(Ho and Lange, 68 

2010). 69 

 70 

The most basic test for sample mix-up identification consists of a comparison of the 71 

reported sex of individuals and the inferred sex based on the genetic data of these 72 

individuals. A drawback of this sex correspondence check is that it is unable to 73 

detect sample mix-ups between samples of the same sex. Furthermore, the sex 74 

concordance check is only applicable to datasets containing both males and 75 

females, and is only able to identify up to 50% of mix-ups given that the dataset 76 

contains an equal number of males and females. Additionally, pedigree information 77 

can be utilized if family members are included in the biobank and the family 78 

relationships are known. A variety of more complex methods have been developed 79 

in the past that are able to detect and potentially correct sample mix-ups reliably with 80 

the presence of omics datasets (Westra et al., 2011)(Du et al., 2017)(Jiang et al., 81 

2020). As with the sex correspondence check, these methods rely on determining 82 

whether or not a phenotype, for example the expression of 83 

genes, corresponds to the expected phenotype based on the individual’s genotype. 84 

An observed mismatch adds evidence for the sample being a mix-up. Drawbacks of 85 

the latter methods are that they either require specific data (such as gene expression 86 

or methylation data) that are not commonly available. 87 

 88 

In recent years, GWASs have been increasingly powerful, aiding the power and 89 

reliability of polygenic scores (PGSs) (Dudbridge, 2013). These PGSs can be used 90 

to predict the phenotypes of individuals even if they were not part of the original 91 

GWAS. Since PGSs represent an individual’s propensity to a phenotype based on 92 
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their genetic makeup, they may be useful for identifying sample mix-ups as these 93 

PGSs provide an additional method for determining whether or not 94 

the sample’s phenotype corresponds to the sample’s genotype. Here, we describe a 95 

PGS-based sample mix-up correction method (Idéfix) that combines PGSs from 96 

multiple traits and determines per sample whether the predicted phenotypes conform 97 

to the observed phenotypes, enabling the identification of sample mix-ups. We show 98 

our method has predictive power for differentiating between correct samples and 99 

sample mix-ups, and that through performing such quantification for a sufficiently 100 

number of phenotypes we can reliably identify and remove sample mix-ups.  101 

 102 

2 Materials and methods 103 

2.1 Datasets 104 

We used adult samples from the Lifelines prospective follow-up biobank (Stolk et al., 105 

2008). These samples were genotyped using the Infinium Global Screening Array® 106 

(GSA) MultiEthnic Disease Version 1.0. Within these samples we developed and 107 

implemented a method to identify sample mix-ups. To do so, we selected 25 traits for 108 

which large-scale GWASs have previously been performed, for which the 109 

accompanying summary statistics are available and for which the specific 110 

phenotypes were measured in Lifelines. The selected traits and corresponding 111 

GWASs are listed in supplementary table 1.  112 

 113 

2.2 Calculating PGSs 114 

For developing and executing the mix-up identification method PGSs had to be 115 

calculated first. A variety of methods and algorithms have been developed over the 116 

past years. A recent addition to this range of methods on polygenic prediction is 117 
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PRS-CS, a tool with superior reported accuracy that functions by inferring posterior 118 

effect sizes of single nucleotide polymorphisms (SNPs)(Ge et al., 2019). The method 119 

has been shown to equal or outperform competing methods with various GWASs 120 

(Chun et al., 2020). Therefore, this tool was chosen to calculate PGSs. GWAS 121 

summary statics were processed to comply with the PRS-CS input format. For this 122 

we added reference SNP identifiers (RSIDs) to the summary statistics when these 123 

were not initially present. This was done by matching the genomic locations of 124 

variants to variants from dbSNP (build 137). 125 

 126 

The genetic data was preprocessed using PLINK 2.0 (Chang et al., 2015; Purcell 127 

and Chang), by excluding ambiguous SNPs and converting the genotype data from 128 

VCF to the hybrid PLINK 2.0 bpgen format, maintaining allelic dosage information. 129 

Variants were removed if either their minor allele frequency (MAF) was less than 130 

0.01, imputation score was below 0.3, or missing call rates exceeded 0.25. 131 

Subsequently, PRS-CS was run to calculate effect sizes given the GWAS summary 132 

statistics. We used the European reference linkage disequilibrium (LD) panel 133 

provided by the PRS-CS authors. Other parameter settings were left as default. 134 

PLINK 2.0 was used to sum variant dosages weighted by the posterior effect sizes 135 

as calculated by PRS-CS. The performance of PGSs for continuous traits were 136 

assessed by calculating the proportion of the variance in actual phenotypes that is 137 

explained by these PGSs (��). For ordinal or binary phenotypes, we calculated the 138 

area under the ROC curve (AUC). For testing the performance of PGSs all 139 

phenotypes were corrected for age, sex and their interaction effects. ��-values were 140 

compared to those reported by literature (supplementary table 2). 141 

 142 
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2.3 Processing of phenotypes 143 

The phenotypes were processed to match the design of the corresponding GWAS, 144 

for example exclusion of samples with certain comorbidities or log-transformation. 145 

Exclusion criteria and transformations applied are presented in Supplementary table 146 

3. Estimated glomerular filtration rate (eGFR) was calculated with the CKD-EPI 147 

(Levey et al., 2009). Coronary artery disease was defined as having self-reported 148 

balloon angioplasty, bypass surgery or heart attack. Self-reported level of education 149 

of Lifelines participants was converted to the number of years of US schooling 150 

according to the mapping in Supplementary table 4 (Okbay et al., 2016). The 151 

characteristics of the processed study population is presented in supplementary 152 

table 5. 153 

 154 

2.4 Identifying sample mix-ups 155 

Sample mix-up procedures rely on the (lack of) concordance of an individual’s 156 

measured phenotype with their predicted phenotype based on the individual’s 157 

genotype. Our method extends this concept by using PGSs to predict an individual’s 158 

phenotype. The calculated PGSs are expected to be reasonably accurate for traits 159 

like height, where a larger than expected deviance of the predicted phenotype from 160 

the measured phenotype adds evidence for a sample being mixed-up. Since the 161 

discordance between predicted and measured phenotypes is expected to be 162 

relatively high for mix-ups, and relatively low for correct samples, adding additional 163 

traits will add predictive power to identify sample mix-ups. 164 
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165 
Figure 1: 166 

Method overview of that indicates how PGSs and measured phenotypes are used to 167 

identify mix-ups. The steps A, B and C are performed separately for all traits. The 168 

scatterplot in A, and the distributions visualized in B, C and D are generated using a 169 
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subset of 5120 samples from the Lifelines dataset of which 1% was introduced as a 170 

fake sample mix-up (shown in red). A: The relationship between the input variables 171 

is modelled together in a linear model for a continuous trait. This is shown on the 172 

right. Introduced fake mix-ups are shown in red. B: Residuals are calculated using 173 

the previously fitted model for both the provided sample mappings (main diagonal of 174 

the plotted matrix) and the permuted samples (off diagonal in the plotted matrix). The 175 

violin plots on the right indicate that permuted samples (grey) and mix-ups (red) are 176 

similarly distributed, and differ from the residuals for the provided sample mappings 177 

(green). C: (left) For continuous traits gaussian functions are fitted to the permuted 178 

(grey) and provided sample mappings (green) to calculate the likelihood of a residual 179 

fitting better in the correct or mix-up residual distributions. (middle) Dividing the 180 

likelihoods and log-transforming the results in log likelihood ratios of a sample being 181 

a mix-up (LLRs). (right) A t-test is employed to test if there is a significant difference 182 

between LLRs for permuted and provided sample mappings. D: The matrices on the 183 

left and middle indicate summing LLRs over significant traits, and that this aids the 184 

predictive power of LLRs. The densities on the right indicate the predictive power of 185 

LLRs scaled per row of the LLR matrix. 186 

 187 

An overview of our method is illustrated in Figure 1. The first steps are performed 188 

separately for every included trait. As indicated in Figure 1A, initially, the relationship 189 

between PGSs and actual phenotypes are modeled for the samples that are 190 

considered to be correct. For binary traits, like red hair color or the presence of a 191 

medical condition, this relationship is modeled using logistic regression. An ordered 192 

logistic regression is applied to ordinal traits, which for our set of phenotypes is 193 

limited to the spectrum of hair colors ranging from black through brown to blonde. 194 
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For quantitative traits, a linear model is used. The summary statistics that are used 195 

for calculating PGSs are not able to explain all variation in the phenotype. This is 196 

partly due to non-genetic effects. Another cause is that in GWASs, variables that 197 

covary with phenotypes, such as age and sex, are often corrected for. The effects of 198 

these covariates therefore are not reflected in the summary statistics. To account for 199 

the remaining variation that the summary statistics are not able to explain, the 200 

predicted phenotypes in our method are modeled using age, sex, and their 201 

interaction effect as covariates. 202 

 203 

In the following step, for every sample the residuals are calculated, both for the 204 

samples that are assumed to be correct – given the provided sample mapping – and 205 

their permutations. Here the residuals are essentially the phenotypic variance that 206 

cannot be explained by the PGS of a sample. It is therefore expected that the 207 

permuted samples have higher residuals compared to correct phenotype-genotype 208 

mappings. Permuted samples consist of all other combinations of genotypes and 209 

phenotypes, as indicated in Figure 1B. In this figure, the different sample mappings 210 

are illustrated in a matrix with the measured phenotype part of the samples across 211 

the rows, and genotype, or PGS, part of the sample mappings across the columns. 212 

The main diagonal herein represents the provided sample mappings, with the off-213 

diagonal representing permuted sample mappings. The figure also shows that the 214 

residuals of the provided sample mappings are differently distributed compared to 215 

those of both the provided sample mappings and the introduced fake mix-ups. 216 

 217 

In case a linear model was employed to model the relationship between the 218 

polygenic scores, covariates and the measured phenotypes, residuals are calculated 219 
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as the deviations of the measured phenotypes from the fitted function. For a logistic 220 

regression model, deviance residuals are used to represent residuals which are 221 

calculated according to Equation 1. Herein �� is defined as the deviance residual, �� 222 

represents the observed outcome and �� represents the model’s predicted probability 223 

for the observed outcome. In case an ordinal logistic regression model is employed, 224 

an adaptation of this formula is used to deal with the increase in number of 225 

categories. 226 

 227 

 �� � � ��2 ln��� , �� � 1
���2 ln��� , �� � 0� 1 

 228 

We leverage the different distributions of residuals to calculate log likelihood ratios 229 

(LLRs) that indicate whether a sample is likely to be a mix-up or not. These LLRs are 230 

calculated on the ratio of the likelihood of a residual fitting in the distribution of 231 

provided sample mappings and the likelihood of a residual fitting in the distribution of 232 

permuted sample mappings. This step is illustrated in Figure 1C. Since residuals are 233 

expected to be normally distributed for continuous traits, likelihoods can be 234 

calculated by using densities of Gaussian functions fitted to both of the residual 235 

distributions. However, this does assume these continuous traits are normally 236 

distributed as well, which might not hold for each trait. We therefore ascertained how 237 

the performance of this method compared to both an equal width interval-238 

discretization and equal frequency interval-discretization technique with varying 239 

numbers of samples per bin. 240 

 241 
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Equal width interval-discretization was implemented to separate the parameter 242 

space corresponding to the residuals for the provided samples in bins so that each 243 

bin corresponds to an interval of equal width. The bins residing at both upper and 244 

lower limits of the parameter space are forced to include a minimum number of 245 

samples to prevent the model from overfitting, and suffering from outliers having a 246 

large effect on separating residuals into bins. This minimum number of samples is 247 

also used to prune other bins that do not comply with this lower boundary. Pruned 248 

bins are split at their midpoint with the two halves joined to their respective nearest 249 

bin. Equal frequency interval-discretization was implemented to separate the 250 

parameter space corresponding to the residuals for the provided samples in bins so 251 

that each bin consisted of an equal number of values.  252 

For both discretization techniques, the breaks obtained within the set of provided 253 

samples are subsequently applied to the residuals of permuted samples. 254 

 255 

Discretization techniques and the Gaussian likelihood method were assessed by 256 

sampling 10,080 samples from the Lifelines dataset and artificially inducing 1% of 257 

mix-ups in these subsets. For each subset we applied each discretization technique 258 

using 20, 30, 50 and 80 average samples per bin. For the equal width interval-259 

discretization the minimum number of samples per bin was set to 10. Corresponding 260 

LLRs can be represented as a matrix wherein rows represent phenotype parts of the 261 

sample mappings, and columns represent the genotype (PGS) part of the sample 262 

mappings. Within this matrix, LLRs were scaled over all rows, or phenotypes. We 263 

executed this procedure for 50 individual subsets. Analyses of variance (ANOVAs), 264 

followed by a number of Tukey’s honestly significant difference tests indicated that 265 
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for continuous traits, the gaussian likelihood method outperformed other methods in 266 

which a discretization approach was employed (Supplementary figure 1).  267 

 268 

Phenotypes of binary and ordinal traits are by definition not continuous, and 269 

residuals are not normally distributed as is the case for continuous traits. Therefore, 270 

using a gaussian function for calculating likelihoods is inappropriate, and the equal 271 

width interval-discretization technique with an average of 80 samples per bin is used 272 

instead. Since we were not able to identify a significant advantage for the binary and 273 

ordinal traits for one of the likelihood models, this equal width interval-discretization 274 

was chosen over other discretization techniques because it should be less prone to 275 

overfitting due to the larger average sample size. Log likelihood ratios are calculated 276 

separately for each observed category within an ordinal trait. 277 

 278 

We select the traits with significant predictive power for sample mix-ups using a t-test 279 

to determine whether LLRs of the provided sample mappings differ significantly from 280 

those of the permuted sample mappings per trait. In the final step, LLRs are summed 281 

over all traits that have a significant difference in the LLRs, resulting in a final matrix 282 

of LLRs. Summed LLRs are scaled per phenotype. The threshold for the summed 283 

LLRs used to identify sample mix-ups should be determined based on the 284 

subsequent use of the resulting dataset. In the following section we highlight a 285 

method for determining how an appropriate threshold can be obtained. 286 

 287 

2.5 Calculating predictive power of the sample mix-up method 288 

The measure that we considered for assessing the predictive power of the sample 289 

mix-up method is the receiver operating characteristics (ROC) curve and the area 290 
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under the curve. AUC quantifies the ability of a predictor like the LLRs to discriminate 291 

between mix-ups and correct samples as the threshold for this separation is varied. 292 

The ROC curve can also be used to determine an appropriate threshold. To 293 

establish an accurate ROC curve within the Lifelines dataset, we sampled half of the 294 

available samples (16,408) as training data and fitted parameters for the method. 295 

Thereafter, we took the remaining samples (16,409) and induced 50% mix-ups to 296 

validate our model. We used the model fitted on the training data to predict the mix-297 

ups in the validation data. The LLRs were used to establish a ROC curve and 298 

accompanying area under the curve (AUC). From the LLRs and ROC curve we have 299 

extracted a number of thresholds. This was compared to the performance of a 300 

regular sex correspondence check in which the inferred sex from genotypes was 301 

compared to the reported sex to find mismatches. We also looked into the 302 

performance of a combined predictor that included both the PGS sample mix-up 303 

identification method and the sex correspondence check. 304 

 305 

Our method is implemented in the R programming language (version 3.6.1). Ordinal 306 

logistic regression models were fitted using the MASS package (version 7.3-51.6) 307 

(Venables and Ripley, 2002). ROCs and AUCs were calculated using the pROC 308 

package (version 1.16.2) (Robin et al., 2011). 309 

 310 

3 Results  311 

3.1 Polygenic score-based sample mix-up identification 312 

We have developed a sample mix-up identification method (Idéfix) that relies on the 313 

comparison of actual phenotypes to PGSs. Our method works by: 314 

• modelling the relationships between phenotypes and polygenic scores, 315 
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• calculating the residuals of the provided samples and their permutations, 316 

• employing a likelihood model fitted on the residuals for provided and 317 

permuted samples, 318 

• combining likelihood ratios over multiple traits. 319 

We implemented our method in the R programming language (version 3.6.1). The 320 

installation and usage instructions for Idéfix is described on the wiki. 321 

(https://github.com/molgenis/systemsgenetics/wiki/Idefix) 322 

 323 

3.2 Polygenic scores 324 

We calculated PGSs for the 25 selected traits in the Lifelines dataset. In order to 325 

assess the predictive power of the PGSs for continuous traits ��-values were 326 

calculated. For ordinal or binary phenotypes, we calculated spearman correlation 327 

and AUC’s respectively. These values indicate that for most traits, the performance 328 

is consistent with prior reported performance in literature. The explained variance 329 

ranges from 3.0% for the concentration of basophilic granulocytes to 33.9% for 330 

height. However, we observed that PGSs for body mass index (BMI) and educational 331 

attainment do not explain as much variance compared to previously reported values 332 

(11.9% and 5.3% respectively). The explained variances for continuous traits are 333 

presented in Supplementary figure 2. This figure also illustrates that employing a 334 

model that corrects for both sex and age is, as expected, increase the phenotypic 335 

variance that PGSs explain. 336 

 337 

3.2 Predictive power of our method 338 

We assessed the ability of Idéfix to discriminate between sample mix-ups and 339 

correct samples by executing the method we developed in the Lifelines dataset using 340 
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the PGSs we calculated and the processed phenotypes. We applied the method on 341 

half of the samples in which we introduced 50% sample mix-ups, using the 342 

regression and likelihood models fitted to the other half of the samples in which we 343 

did not introduce artificial mix-ups. The measurements for the performance are 344 

therefore also suitable for situations in which a regular, moderate, percentage of mix-345 

ups are expected. This approach allowed us to get an accurate measurement of the 346 

performance of our method for individual traits, as well as for the method overall. 347 

First of all, we see that AUCs for individual traits ranges from 0.50 to 0.66. In 348 

supplementary figure 3 is presented that for continuous traits, these AUCs are 349 

positively correlated with the variance explained by PGSs. The number of traits 350 

available for the samples in our dataset is presented in supplementary table 6. 351 

 352 

In figure 2 is shown that the AUC for the polygenic score-based sample mix-up 353 

identification for the 25 traits combined is 0.80. Using the AUC as a measure for 354 

performance, we also notice that our method performs better than the sex 355 

correspondence check, although this is able to identify 50% of samples without false 356 

positives if an equal number of males and females are present in the dataset. When 357 

combining the sex-check with the PGS-based sample mix-up identification the AUC 358 

increases to 0.90. It is conceivable that different thresholds are advantageous 359 

dependent on the intended application of the genetic data. For instance, GWASs 360 

profit from increased sample sizes (Canela-Xandri et al., 2018), making lenient 361 

thresholds more suitable for this application compared to more stringent thresholds. 362 

Alternatively, when repurposing genetic data for clinical use more stringent 363 

thresholds are desired. In figure 2 we estimate that the proportion of sample mix-ups 364 
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is reduced 250-fold when selecting the 10% of participants for whom predicted 365 

phenotypes adhere best to the measured phenotypes 366 

 367 

3.3 application in Lifelines 368 

Applying Idéfix to our entire cohort enabled us to identify a number of potential 369 

sample mix-ups. To our surprise, four non-European samples have considerably 370 

higher predictions to be mix-ups relative to other samples, despite the fact that 371 

98.2% of the analyzed samples are of Dutch ancestry. To ascertain that these 372 

findings are not ethnicity-driven, samples of European and non-European ethnicity 373 

were compared. This indicated that for non-European samples, there is on average 374 

not more evidence for classifying these as sample mix-ups (Welch's t-test, p = 0.92), 375 

strengthening the support for the identified samples being mix-ups (supplementary 376 

figure 4). By plotting the discordance between actual and predicted phenotypes we 377 

can visually inspect how Idéfix identifies potential mix-ups (supplementary figure 5), 378 

we see that each of our top four predicted mix-up samples show systematic 379 

deviation for multiple traits, which indicates that not a single trait is driving the 380 

predictions. We also observe large deviations for height (p-values between 3.07 × 381 

10-3 and 1.13 × 10-8). Given these observations, we conclude these are likely mix-382 

ups. 383 

 384 
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 385 

Figure 2: 386 

Performance of the polygenic score-based mix-up predictor (blue), the sex 387 

concordance check (sex correspondence check, orange), and a combined predictor 388 

(green) as illustrated by receiver operating characteristics (ROC). The x-axis 389 

indicates the proportion of correct samples that are falsely identified as a mix-up, 390 

named the false discovery rate (FDR). The y-axis represents the proportion of mix-391 

ups that are identified as mix-ups, named the true positive rate (TPR). Coordinates 392 

of one of the curves correspond to the FDR and TPR for a particular threshold of the 393 

predictor. Due to male-female imbalance in the dataset, the proportion of mix-ups 394 

identified as shown for the sex correspondence check deviates from the expected 395 

value of 0.5. Because of this deviation, the AUC is 0.74 as opposed to the expected 396 

AUC of 0.75 given an equal number of males and females. 397 
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 398 

4 Discussion 399 

Sample mix-ups present a challenge for the repurposing of genetic data available in 400 

biobanks, as well as hindering the capability of association analyses to detect small 401 

genetic effects. Existing methods to resolve mix-ups are either not able to identify 402 

sample mix-ups within the same sex, or require additional data like gene expression 403 

or methylation measurements. For most biobanks such genomics data is usually not 404 

available. This was the motivating reason to develop Idéfix, a method that is able to 405 

identify sample mix-ups in biobanks while solely relying upon genetic data and a 406 

limited number of measured phenotypes, such as height, BMI, cholesterol and hair 407 

color. 408 

 409 

We have shown that our method is capable of identifying sample mix-ups with high 410 

accuracy. This is extremely valuable for biobanks that wish to return information to 411 

their biobank participants, such as a pharmacogenetic passport or polygenic risk 412 

scores for certain diseases that can be (partly) prevented or intervened on by 413 

lifestyle modification. In order to do so, it is crucial to know that information that is 414 

being returned to individuals is accurate, and our method Idéfix, can help to ensure 415 

this to be the case.  416 

 417 

Previously, a problem regarding sample identification has been described as well 418 

(Cai et al., 2017; Lippert et al., 2017), although the performance of one of these 419 

methods was not clear (Erlich, 2017). Here, we have leveraged a set of well-420 

powered GWASs, in conjunction with a recent method for calculating PGSs, and a 421 

likelihood ratio framework to accurately weigh these PGSs to determine to what 422 
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extent sample mix-ups can be identified. Most importantly, we developed this 423 

method because we aimed to identify a set of samples that very likely do not contain 424 

mix-ups, and whom for instance can safely be returned pharmacogenetic passports. 425 

Having such a sub-cohort of biobank participants available can, for instance, be very 426 

valuable for investigating how biobank participants experience pharmacogenetics. 427 

 428 

We do observe several avenues to improve our method. We have shown that our 429 

method performs best with PGSs from well powered GWASs (supplementary figure 430 

3). However, PGSs do not capture the full heritability of traits. Furthermore, GWASs 431 

that identify variants associated with a particular trait which are the basis of PGSs 432 

are focused on common variants, while rare variants tend to have larger effect sizes 433 

(Marouli et al., 2017). While an increase in sample sizes will probably result in rarer 434 

alleles being discovered, the accuracy of PGSs can also be improved by integrating 435 

large-effect expression variants found in other ways as well (Smail et al., 2020). 436 

Larger sample sizes also increase the power of GWASs to identify variants 437 

regardless of their effect size (Canela-Xandri et al., 2018), increasing the subsequent 438 

predictive power of PGSs yet more. Another limitation of PGSs is that these are 439 

much less predictive for non-European cohorts, supporting the need for large-scale 440 

GWASs in diverse human populations (Duncan et al., 2019). A consequence of the 441 

less performant PGSs in non-European samples is that there might be less power to 442 

detect structural discordances with phenotypes, causing results to be differently 443 

distributed for these samples compared to European samples (supplementary figure 444 

4). Although our sample-size did not permit us to find a significant difference, we 445 

suggest handling different ethnicities with care. We do expect that this limitation will 446 

be resolved when GWAS are performed on mixed ancestry in cosmopolitan cohorts. 447 
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Until then one possible solution is to run Idéfix separately for each population 448 

separately.  449 

 450 

In the past years numerous biobanks have been established, each of these providing 451 

valuable resources on genotype data and a large number of phenotypes. This is a 452 

good starting point for our method. However, since the discovery and validation 453 

samples should be independent when calculating PGSs (Wray et al., 2013), this 454 

poses a problem when biobanks are included in GWASs that are used for calculating 455 

PGSs since these will then be biased for the included biobanks. However, we expect 456 

that the effect on the performance of Idéfix is limited. Since current GWASs are 457 

performed on many different cohorts, the effect of each individual or cohort on the 458 

PGSs is limited.  459 

 460 

Biobanks and studies often differ in the phenotypes that have been measured and 461 

that are available. With different phenotypes being available for other biobanks, there 462 

is the opportunity for additional heritable phenotypes to be included. However, this 463 

variability also limits the applicability to cohorts that have fewer phenotypes available 464 

since a limited number of phenotypes will limit the performance of our method, 465 

although it will still add to the performance of a sex-based concordance check. 466 

Additionally, the first step of the method we developed is dependent in modelling the 467 

relationship between the measured phenotypes of individuals and the PGSs. 468 

Identifying such a relationship can be hindered by a lack of samples or be biased 469 

when there are too many sample mix-ups present in the dataset. 470 

 471 
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Our method can be beneficial in a variety of cases. For instance, this method is able 472 

to identify mix-ups irrespective of the proportion of males and females included in the 473 

study, whereas a common concordance check on sex alone is only able to perform 474 

optimally with an equal number of individuals for both sexes. Our method relies on 475 

the availability of multiple traits in the biobank for which PGSs can be calculated. 476 

Furthermore, it is possible for our method to be expanded with additional traits when 477 

these become available in the future and it is expected that performance will 478 

increase dependent on the heritability of the trait. In the Lifelines cohort, 285 sample 479 

mix-ups have already been identified, 42% of which have been identified by utilizing 480 

pedigree information and ascertaining whether the genotype data is concordant with 481 

these reported familial relationships. These samples could not have been identified 482 

using sex-check alone, exemplifying the necessity of additional mix-up identification 483 

in biobanks wherein familial relationships cannot be used. Despite the thorough 484 

quality control, Idéfix has enabled us to identify 4 additional sample mix-ups with 485 

high confidence. 486 

 487 

Currently, Idéfix is not yet able to identify every single sample mix-up: it can happen 488 

that for a certain sample the calculated PGS for each of the 25 phenotypes are all 489 

quite average and that the observed, but incorrect phenotypic measurements 490 

behave similarly. In that case this sample is not yet flagged as a sample mix-up. 491 

However, by using larger GWAS studies in the near future that lead to more accurate 492 

PGSs and by including more traits we expect our method to help resolve most 493 

sample mix-ups in biobanks within the next few years.  494 
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Supplementary figure 1: 642 

A comparison between 9 likelihood models for the 25 traits. For every trait the nine 643 

likelihood models were tested 50 times on a randomly selected subset of samples 644 

and fake mix-ups. The area under the ROC curve for all combinations is represented 645 

by the y-axes. The iterations are combined in a violin plot, with dots and error bars 646 

illustrating the mean and standard deviations respectively. The p-values for analyses 647 

of variance (ANOVA) are included for every trait. The outcome for Tukey’s HSD 648 

pairwise tests with the Gaussian model are shown above the violin plots for the other 649 

eight models. (****: p ≤ 1 × 10-4, ***: p ≤ 1 × 10-3, **: p ≤ 1 × 10-2, *: p ≤ 0.05, else: p > 650 

0.05). 651 

 652 

Supplementary figure 2: 653 

Here we show the importance of first adjusting the data for age, sex and their 654 

interaction effects. The variance of phenotypes explained (R2) by polygenic scores 655 

(PGSs) is shown as reported in literature, compared to what we achieved in the 656 

Lifelines dataset. A base value (unadjusted) is shown for the Lifelines dataset as well 657 

a value calculated using phenotypes that were adjusted for age, sex and their 658 

interaction effects. When using such adjustments, ��-values become comparable to 659 

those reported by literature, which are also calculated using similar corrections. For 660 

blood traits a male stratified approach was used instead of a correction model. The 661 

estimated ��-value for estimated glomerular filtration rate (eGFR) as reported by 662 

literature is calculated using only index SNPs. 663 

 664 

Supplementary figure 3: 665 
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The power of polygenic scores (PGSs) for identifying sample mix-ups for individual 666 

continuous traits, as a function of the variance of the trait explained by the polygenic 667 

scores. The predictor used for the area under the ROCs are log likelihood ratios for a 668 

sample being mixed up, scaled within all combinations of individual phenotype 669 

samples. 670 

 671 

Supplementary figure 4: 672 

A comparison of predictions between European and non-European samples (based 673 

on principal components of genotype data). There is no significant difference 674 

between the two distributions (Welch's t-test, p = 0.92). 675 

 676 

Supplementary figure 5: 677 

A visualization of the four samples with the highest predictions for being mixed-up 678 

compared to four samples with the lowest predictions. The four samples with the 679 

highest predictions show larger residuals compared to the four samples with the 680 

lowest predictions. The x-axis represents the absolute scaled residuals. Residuals 681 

were scaled per phenotype in case the trait is on an ordinal or binary scale. Traits 682 

with absolute scaled residuals larger than 2.58 (p = 0.01) are labelled with a p-value.  683 

 684 

Supplementary table 1: 685 

An overview of the included traits, the corresponding GWASs and the original paper 686 

these were originally published in. 687 

 688 

Supplementary table 2: 689 

Collection of ��-values and AUCs as reported by literature. 690 
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 691 

Supplementary table 3: 692 

An overview of the phenotype processing that was applied for the included traits. 693 

Age and sex were used in modelling the relationships between polygenic scores and 694 

measured phenotypes. Samples for which any of the other conditions applied which 695 

are listed in the correction column were excluded from the trait for which the 696 

condition was set. 697 

 698 

Supplementary table 4: 699 

A table indicating how answers to the question “What is the highest level of 700 

education you have finished?” were mapped to US years of schooling. 701 

 702 

Supplementary table 5: 703 

Study population characteristics. For every trait and category within that trait (if 704 

applicable) the characteristics are given for those samples that fall within that group. 705 

The columns indicate if the trait, the category (if the trait is categorical), the mean of 706 

the ages for samples the row pertains to, the corresponding standard deviation for 707 

these ages, the number of males, the number of females, the mean phenotypes for 708 

the trait, the standard deviation in the phenotypes for the trait, the number of 709 

samples. The last column indicates what percentage of the total number of samples, 710 

for which the categorical trait is available, belong to the specified category. 711 

 712 

Supplementary table 6: 713 

The distribution of the number of traits available for ROC estimation. 714 
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