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24 through a comparison to a traditional mark-recapture estimate for Chilkat River Chinook salmon 

25 (O. tshawytscha) in Southeast Alaska. We examined how adult sampling location and timing 

26 impact tGMR by comparing estimates derived using samples collected in the lower river 

27 mainstem to those using samples obtained in upriver spawning tributaries. Results indicated that 

28 tGMR estimates using a representative sample of mainstem adults were most concordant with, 

29 and 3% more precise than, the traditional mark-recapture estimate for this stock. Importantly, the 

30 timing and location of adult sampling were found to impact abundance estimates, depending on 

31 what proportion of the population dies or moves to unsampled areas between downriver and 

32 upriver sampling events. Additionally, we identified potential sources of bias in tGMR arising 

33 from violations of key assumptions using a novel individual-based modeling framework, 

34 parameterized with empirical values from the Chilkat River. Simulations demonstrated that 

35 increased reproductive success and sampling selectivity of older, larger individuals, introduced 

36 negative bias into tGMR estimates. Our individual-based model offers a customizable and 

37 accessible method to identify and quantify these biases in tGMR applications 

38 (https://github.com/swrosenbaum/tGMR_simulations). We underscore the critical role of system-

39 specific sampling design considerations in ensuring the precision and accuracy of tGMR 

40 projects. This study validates tGMR as a potentially useful tool for improved population 

41 enumeration in semelparous species.

42

43 Keywords: Pacific salmon, abundance estimation, trans-generational genetic mark-recapture, 

44 close-kin mark-recapture, individual-based model, dropout
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75 Introduction

76 Anthropogenic pressures are driving declines in Pacific salmon (Oncorhynchus spp.) 

77 abundance across much of their range (Beamish, 2022; Riddell et al., 2022), negatively 

78 impacting salmon-reliant ecosystems, cultures, and economies. Efforts to restore Pacific salmon 

79 populations require accurate and precise estimates of key demographic quantitates, such as the 

80 number of mature adults returning to spawn, commonly referred to as “escapement”. Salmon 

81 fisheries are often managed to meet escapement goals, determined by state and federal agencies 

82 (Clark et al., 2006). Improving the reliability and efficiency of salmon escapement enumeration 

83 methods will aid sustainable management of Pacific salmon populations.

84 Mark-recapture experiments, which are commonly used for fisheries management 

85 (Adkison, 2022), traditionally rely on physically tagging individuals for population abundance 

86 estimation (Pradel, 1996). While these methods can provide reliable abundance estimates under 

87 specific conditions, meeting necessary assumptions is challenging, often resulting in reduced 

88 precision of abundance estimates (Roff, 1973). Notably, physical tags may be lost or affect 

89 individual behavior, leading to potentially misleading estimates (Seber & Felton, 1981). Failure 

90 to identify recaptured individuals can lead to an over-estimation of abundance, further imperiling 
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91 declining populations by enabling over-harvest. Innovations in tagging methodology are 

92 therefore beneficial for remedying these deficiencies. 

93 Recent years have seen a growing interest in molecular applications of the mark-

94 recapture framework, broadly known as close-kin mark-recapture (CKMR) (Bravington et al., 

95 2016). CKMR uses multi-locus genotypes to mark individuals, and subsequent sampling the 

96 close kin of marked individuals are treated as “recapture” events. Because the CKMR framework 

97 does not require physical tags or repeated sampling of individuals, it reduces sampling 

98 invasiveness while increasing efficiency. CKMR estimators frequently produce population 

99 estimates with higher precision than conventional abundance monitoring techniques (e.g., 

100 traditional mark-recapture and redd count expansion) for a broad range of iteroparous marine 

101 (Bravington et al., 2016; Hillary et al., 2018; Patterson et al., 2022; Delaval et al., 2023) and 

102 freshwater (Ruzzante et al., 2019; Marcy‐Quay et al., 2020; Prystupa et al., 2021; Wacker et al., 

103 2021) fishes.

104 Trans-generational genetic mark-recapture (tGMR) is a specific application of CKMR 

105 designed for enumerating semelparous species, such as Pacific salmon. Within the tGMR 

106 framework, the initial sampling event comprises genetic sampling of spawning adults and the 

107 second sampling event involves genetic sampling of potential offspring (Rawding et al., 2014). A 

108 distinct advantage of tGMR lies in its ability to “tag” numerous offspring by genotyping only a 

109 comparatively small number of adults, thereby increasing precision through a greater number of 

110 recaptures. However, robust inference from mark-recapture estimates is contingent upon meeting 

111 or accounting for model assumptions (Seber, 1982). While tGMR and traditional mark-recapture 

112 assumptions are nearly identical (Peterson et al., 2023), methods for evaluating tGMR 

113 assumptions are not well developed given that the availability of offspring for recapture is 
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114 mediated by the reproductive success of adults. Specifically, the assumptions of (1) equal 

115 probability of capture within the first sampling event and (2) a closed population between 

116 sampling events may be violated when enumerating Pacific salmon (Rawding et al., 2014; Small 

117 et al., 2020), because sampling selectivity of adults may covary with reproductive success. 

118 tGMR estimates could be biased if there are conditions that jointly influence the 

119 probability of certain adults and their offspring being captured (i.e., violating assumption 1). 

120 There are several aspects of Pacific salmon life history and common sampling techniques that 

121 could lead to these biases. For example, age, body size, and sampling selectivity are correlated in 

122 most salmonids and are often important determinants of reproductive success (reviewed in Koch 

123 & Narum, 2021). Thus, it is important to evaluate potential biases in tGMR estimates by 

124 examining the influence of age and size on variability in reproductive success and sampling 

125 selectivity. 

126 Another factor complicating tGMR estimation is the biological complexity of freshwater 

127 migration and the potential for loss of adults between sampling events, violating assumption 2. 

128 Chinook salmon handled in mark-recapture or telemetry studies may enter rivers but later move 

129 back into saltwater habitat, becoming vulnerable to marine sources of mortality including harvest 

130 (Sethi & Tanner, 2014). Additionally, prespawn mortality of adult salmon can occur within 

131 freshwater habitats (Bowerman et al., 2016), and mature adults can migrate to unsampled 

132 spawning habitat within a watershed. Past tGMR studies were limited to collecting adult tissue 

133 samples (“marks”) from carcasses only encountered in upstream tributary habitat (Rawding et 

134 al., 2014; Whitmore 2016; Small et al., 2020). However, by sampling mature adults both initially 

135 in the lower mainstem river and later in the upriver tributary habitats, separate tGMR estimates 
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136 can be calculated, potentially allowing one to estimate rates of loss between mainstem and 

137 spawning reaches.

138 Individual-based models are a powerful tool for examining population dynamics of 

139 Pacific salmon (Reed et al., 2011; Lin et al., 2017; Yeakel et al., 2018; May et al., 2023). 

140 Simulation models parameterized with empirical data have proved particularly useful for 

141 exploring emergent properties of life-history dynamics that are difficult to measure in natural 

142 systems (Berdahl et al., 2018). Recent modeling work has broadly highlighted the importance of 

143 accounting for variation in life-history traits and experimental design when implementing 

144 CKMR (Waples & Feutry, 2022). Developing a flexible and user-friendly simulation framework 

145 to quantify bias specifically associated with violations of tGMR assumptions could help guide 

146 future tGMR applications. 

147 The present study aimed to evaluate the suitability of tGMR methods for escapement 

148 estimation by exploring how differences in adult sampling can lead to bias. To meet this goal, we 

149 conducted a case study on Chinook salmon (O. tshawytscha) returning to the Chilkat River, 

150 Alaska in 2020 with the following objectives: 1) compare abundance estimates and their 

151 precision derived from tGMR with traditional mark-recapture; 2) investigate the effect of 

152 variation in reproductive success and adult sampling selectivity on tGMR abundance estimates 

153 (assumption 1 violations); and 3) explore the effect of adult sampling location and timing on 

154 tGMR abundance estimates (assumption 2 violations). To achieve these objectives, we calculated 

155 tGMR abundance estimates using adults sampled in both the lower mainstem river during initial 

156 freshwater migration and later in upriver tributaries during spawning. We then designed an 

157 individual-based simulation framework for examining sources of bias in tGMR applications, 

158 which can be used in other semelparous species and systems to evaluate the impact of 
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159 assumption violations (https://github.com/swrosenbaum/tGMR_simulations). tGMR may 

160 provide a more efficient and less invasive tool to enumerate adult salmon populations and could 

161 offer increased precision when compared with traditional mark-recapture methods. By 

162 addressing key knowledge gaps, we aimed to assess the reliability of extending tGMR across the 

163 range of semelparous salmon for improved enumeration of these iconic species.

164 Methods

165 Study System

166 In 2020, a tGMR experiment was conducted on Chinook salmon returning to the Chilkat 

167 River, located near Haines, AK (Figure 1A). The Chilkat River is the third largest producer of 

168 Chinook salmon in Southeast Alaska (McPherson et al., 2003) and is an exploitation rate and 

169 escapement indicator stock monitored by the Pacific Salmon Commission under the Pacific 

170 Salmon Treaty (Chinook Technical Committee 2021). The Chilkat River Chinook salmon stock 

171 is critical to subsistence fishers in the region, who catch as much as 17% of the total Chilkat 

172 River Chinook salmon harvest in some years. The Chilkat River Chinook salmon stock only 

173 reached its escapement goal once during 2012–2017, resulting in its designation as a “stock of 

174 management concern” by the Alaska Department of Fish and Game (ADF&G) in 2017 (Lum & 

175 Fair, 2018). Following this designation, the estimated 2018 escapement was the lowest in the 

176 history of the time series. Due to this population’s decline and subsequent ADF&G management 

177 designation, the subsistence fishery for Chilkat River Chinook salmon has been closed since 

178 2017 (Elliott & Peterson, 2022). In an era of declining salmon populations and decreasing 

179 budgets for management agencies, fewer resources are available for monitoring activities, and 

180 managers may implement precautionary approaches by further reducing harvest. 
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181 The Chilkat River Chinook salmon stock is currently monitored through a long-term 

182 traditional mark-recapture project occurring annually since 1991 (Ericksen & McPherson 2004), 

183 making it an excellent system in which to evaluate tGMR methods. The existing traditional 

184 mark-recapture project utilizes multiple gears to capture fish in both the lower mainstem river 

185 during freshwater migration (adult event 1; fishwheels and drift gillnets) and upriver tributary 

186 sampling on spawning grounds (adult event 2; rod and reel, seining, and/or carcass sampling). 

187 The combination of sampling gear and their associated biases are discussed below and have been 

188 implemented by ADF&G to estimate the abundance of large adult Chinook salmon age 4 (1.2 ≥  

189 in European notation, Koo 1955). The successful application of tGMR for estimating escapement 

190 of Chilkat River Chinook salmon may allow extension of this method to other Alaskan salmon 

191 stocks that currently lack intensive monitoring programs, for more precise escapement 

192 estimation. 

193 Sampling

194 Elliott & Peterson (2022) estimated the abundance of returning Chinook salmon (  age ≥

195 4; 1.2 in European notation) entering the Chilkat River in 2020 using a traditional two-sample 

196 mark-recapture study for a closed population (Seber, 1982). Returning adult Chinook salmon 

197 were captured during freshwater migration in June and July using fishwheels and drift gillnets (7 

198 ½ inch mesh) during event 1 in the lower mainstem of the Chilkat River and marked with Floy 

199 T-bar tags (Figure 1B). Use of fishwheels (selective for smaller, younger fish) and drift gillnets 

200 (selective for larger, older fish) helped ensure a representative sample of all adult size and age 

201 classes was collected (Elliott, 2022). Event 2 sampling occurred during August in the three major 

202 spawning tributaries of the upper Chilkat River using rod and reel, dip nets, short tangle nets, 

203 beach seines, and carcass surveys. Potential biases and sources of errors were evaluated using the 
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204 methods outlined in Elliott (2022). Abundance of adult Chinook salmon (excluding age-3 males, 

205 1.1, or “jacks”) was estimated using Chapman’s modification of Petersen’s mark-recapture 

206 method (Chapman, 1951). Jacks were excluded from the traditional estimate as the capture rate 

207 for these younger, smaller individuals on the spawning grounds during the adult event 2 

208 sampling was insufficient for robust estimation of this age-class (proportion sampled = 0.01). We 

209 used the results of this traditional mark-recapture effort to compare the precision and agreement 

210 of our tGMR case study detailed below.

211 Tissue samples were collected from the adults sampled as part of the traditional mark-

212 recapture study (adult events 1 and 2; Elliott 2022). Both events were treated as ‘marks’ for the 

213 tGMR method. Pelvic fin tissue samples were collected and dried on Whatman paper to preserve 

214 DNA. Additional metadata were recorded for each individual, including body length (mid eye to 

215 tail fork), sex, sample date, sample location, and age from scale samples (Peterson et al., 2023). 

216 Juvenile tissue samples were collected in the fall of 2021 from fall parr rearing in the 

217 Chilkat River using the methods described in Elliott & Peterson (2022). These samples represent 

218 our second sampling event in the tGMR experiment (hereafter ‘captures’). Parr were sampled 

219 using a stratified systematic sampling design, with samples collected continuously throughout 

220 September and October, across the mainstem and two of the three primary spawning tributaries 

221 of the Chilkat River using baited minnow traps (Figure 1C). As an alternative to fin clipping parr 

222 Chinook salmon, tissue samples were collected non-lethally using OmniSwabs (Qiagen, 

223 Whatman FTA), which were used to collect DNA from external fish mucus in a minimally 

224 invasive manner. OmniSwabs were preserved dry in 2ml cryovials filled with silica desiccant 

225 beads to preserve DNA. We recorded additional metadata for each individual, including body 

226 length (fork length), sample date, and sample location.
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227 Molecular Protocol

228 Genetic analysis was conducted at the ADF&G Gene Conservation Laboratory in 

229 Anchorage, AK. Following the methods outlined in Peterson et al. (2023), we extracted genomic 

230 DNA from adult pelvic fin samples and parr OmniSwabs swabs separately using NucleoSpin® 

231 Tissue Kits (Macherey-Nagel). We genotyped each sample using two different methods: 1) 

232 Genotyping-in-Thousands by sequencing (GT-seq; Campbell et al., 2015) for 299 single 

233 nucleotide polymorphism (SNP) genetic markers in the 299 SNP v3.0 GT-seq panel developed 

234 by the Columbia River Inter-tribal Fish Commission Hagerman Genetics Laboratory (Hess et al., 

235 2014; Appendix S1), and 2) polymerase chain reaction (PCR) fragment analysis for 5 multi-

236 plexed microsatellite loci from the Genetic Analysis of Pacific Salmon (GAPS) panel (Seeb et 

237 al., 2007; Moran et al., 2013; Appendix S1).

238 GT-seq SNP libraries were sequenced on an Illumina NextSeq 500 with single-end 150 

239 base-pair reads. Individual genotypes were called using GTscore 

240 (https://github.com/gjmckinney/GTscore), a custom GT-seq genotype-calling pipeline that uses 

241 sequence matching to quantify allelic count and ratios for each marker to infer genotype 

242 (McKinney et al., 2020). We then imported our genotype data into the ADF&G database LOKI. 

243 SNPs in the GT-seq panel were removed from use in downstream analyses based on their 

244 performance in the Southeast Alaska Chinook salmon genetic baseline (Shedd & Gilk-Baumer 

245 2021). Briefly, Shedd & Gilk-Baumer (2021) excluded loci if: 1) visual examination of allelic 

246 ratio plots indicated non-singleton allelic ratios (i.e., diverged duplicate or duplicated loci), 2) 

247 loci failed to conform to Hardy-Weinberg expectations (HWE), and 3) if pairs of loci were in 

248 linkage disequilibrium (LD). 
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249 Five of thirteen microsatellite loci from the GAPS panel (Omm1080, Ots213, Ots201b, 

250 Ssa408uos, and Ots9) were amplified in a single, multiplexed PCR reaction following methods 

251 described in Seeb et al. (2007). PCR products were visualized using a 3730 capillary DNA 

252 analyzer (Applied Biosystems). Genotypes were scored manually with GeneMapper software 

253 (version 4.0, Applied Biosystems) and then imported into the ADF&G database LOKI. 

254 To identify laboratory errors and quantify the genotyping error rate for use in 

255 downstream parentage analyses, 8% of sampled individuals were re-extracted and assayed for 

256 the same set of markers described above. The discrepancy rate, which reflects DNA extraction, 

257 assay plate, and genotyping errors, was calculated as the number of conflicting genotypes 

258 divided by the total number of genotypes compared. The discrepancy rate was then divided by 

259 two to give the genotyping error rate.

260 Following procedures described in Shedd et al. (2022), we adapted custom scripts 

261 (https://github.com/krshedd/GCL-R-Scripts) to further filter our genotype data using the 

262 programming language R (R Core Team 2018). These scripts removed individuals missing 20% 

263 or more of their genotypes, duplicate individuals identified as sharing at least 95% of their 

264 genotypes, and potentially contaminated individuals identified by excessively heterozygous SNP 

265 genotypes (defined by a cutoff of 1.5 times the interquartile range). These steps were intended to 

266 reduce quality issues resulting from low-grade DNA, duplicate sampling, and contamination.

267 tGMR Abundance Estimation

268 To determine kinship relationships among adults and juveniles, the parentage analysis 

269 program COLONY was used to reconstruct a one-generation pedigree (version 2.0.6.8) (Wang & 

270 Santure, 2009). COLONY is a full probability pedigree reconstruction software that uses 

271 maximum likelihood to reconstruct full- and half-sibling family groups among juveniles and 
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272 assigns parents to family groups. Additionally, COLONY infers genotypes of unsampled parents 

273 through information of sibling relationships among juveniles. Reconstructing unsampled parental 

274 genotypes allows for putative identification of the total number of reproductively successful 

275 adults, both sampled and unsampled. Simulations indicated a large number of polymorphic 

276 markers (several hundred) are necessary for valid inference of unsampled parents when using 

277 prior versions of COLONY (version 2.0.6.1) (Whitmore 2016). These inferred parental 

278 quantities are necessary for the hypergeometric implementation of tGMR (described below). We 

279 decided to not use sex data as an input to COLONY as non-lethal identification of sex in adult 

280 salmon is error prone (Chapell 2014), especially in the lower river mainstem, and the genotyping 

281 panel used in these analyses lacks a reliable sex marker. We assumed male and female polygamy 

282 without inbreeding. All COLONY input parameters are provided in Table S1. To assess the 

283 potential influence of en route loss of adults (from here on referred to as “dropout”) on tGMR 

284 abundance estimates, we ran COLONY on three separate datasets to identify pedigree 

285 relationships between: 1) all adults and all juveniles; 2) adults sampled in the lower mainstem 

286 river and all juveniles; and 3) adults sampled in the upriver tributaries and all juveniles. Prior to 

287 each of the three COLONY runs, we identified and removed any duplicate individuals (including 

288 adult recaptures when analyzing all adults) (Table S2).

289 Abundance estimates were derived from pedigree outputs from COLONY using both the 

290 binomial and hypergeometric tGMR models described by Rawding et al. (2014) and later 

291 adjusted by Small et al. (2020) and Peterson et al. (2023). Briefly, the binomial estimator allows 

292 sampling with replacement and estimates the adult population size (Nbin) from the number of 

293 adults genotyped (marks, M), the number of parr genotyped multiplied by two (captures, C), and 

294 the number of POPs (recaptures, R). The number of sampled parr is multiplied by two because 

Page 13 of 64 Evolutionary Applications



14

295 the parental genotype is the mark, and because juveniles carry genotypes from dams and sires, 

296 they have two opportunities to recapture marks. Under this sampling-with-replacement 

297 framework, all juvenile data are incorporated into the estimator regardless of whether multiple 

298 juveniles share one or both parents (resampling). In other words, siblings from the same parent 

299 are counted as separate recaptures and represent unique POPs. On the other hand, the 

300 hypergeometric estimator implements sampling without replacement, where only the first 

301 ‘sampling’ of a parent by a genotyped parr is considered. This estimator relies on the number of 

302 unsampled parents inferred by COLONY. In this case, M is still the number of adults genotyped, 

303 but C is the number of unique parents inferred from offspring kinship relationships, both 

304 sampled and unsampled, and R is the number of unique sampled parents assigned to at least one 

305 offspring.

306 Escapement estimated using Bailey’s modified binomial model (Small et al., 2020) was:

307

308                        (Eq. 1)𝑁𝑏𝑖𝑛 =
M(C + 1)
(R + 1)

309

310 Variance was estimated using Bailey's (1951) approximation:

311

312 (Eq. 2)𝑣𝑎𝑟 (𝑁𝑏𝑖𝑛) =
𝑀2(C + 1)(C ― R)
(𝑅 + 1)2(R + 2)

313

314 Escapement estimated using Chapman’s modified hypergeometric model was:

315

316 (Eq. 3)𝑁ℎ𝑦𝑝 =
(M + 1)(C + 1)

(R + 1) ―1

317
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318 Variance of Nhyp was estimated as:

319

320  (Eq. 4)𝑣𝑎𝑟(𝑁ℎ𝑦𝑝) =
(M + 1)(C + 1)(M ― C)(C ― R)

(𝑅 + 1)2(𝑅 + 2) 

321

322 Confidence intervals for both  and  were calculated using a normal approximation as the 𝑁𝑏𝑖𝑛 𝑁ℎ𝑦𝑝

323 number of recaptures was expected to be large.

324 Simulations to Quantify Bias from Assumption Violations

325 Individual-Based Model Overview 

326 To examine the accuracy and precision of tGMR estimation under varying demographic 

327 and sampling scenarios we implemented a paired simulation-estimation approach. Specifically, 

328 we constructed an individual-based simulation model of a single semelparous salmonid 

329 population across one generation, in which adult salmon were sampled as they returned to 

330 spawning grounds (marks) and later their juvenile offspring were sampled (captures; Figure 2). 

331 This model was used to examine the effect of two variables on tGMR abundance estimation: (1) 

332 age-specific differences in adult reproductive success (PRS) and (2) age-specific differences in 

333 adult sampling selectivity (Psampling), which were both vectors of age-specific probabilities input 

334 as initial parameters. Age-specific differences in reproductive success were defined as the 

335 relative probability of individuals of a certain age producing at least one offspring when 

336 compared to a different age class. Age-specific differences in adult sampling selectivity were 

337 defined as the relative probability of individuals of a certain age class being sampled during 

338 event 1 of tGMR sampling as they returned to spawning grounds. These demographic parameters 

339 are expected to bias tGMR estimates through their combined effect on the number of recaptures 

340 identified through parentage analysis (Waples & Feutry, 2022). We parameterized the model 
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341 with values from our empirical tGMR case study on Chinook salmon from the Chilkat River to 

342 quantify the direction and magnitude of bias in tGMR estimates arising from differences in age-

343 specific reproductive success and non-uniform event 1 (adult) sampling selectivity at age.

344 Model Initialization

345 We initialized the simulation with a known number of adults (Ncadults) and offspring 

346 (Ncoffspring) parameterized based on our case study system (Table 1). Each adult was assigned 

347 three parameter values: (1) age, (2) probability of reproductive success, and (3) probability of 

348 being sampled conditional on the assumed selectivity of the event 1 adult sampling process. 

349 First, ages (Ages) were assigned to individuals using a weighted draw from a vector of ages (3, 

350 4, 5, or 6 years old) proportional to the observed average age composition of Chilkat River adult 

351 Chinook salmon across the mainstem 2020 sampling effort (Page). This initial input parameter 

352 determined the age structure of the returning adult population encountered during event 1 

353 sampling. Second, reproductive success probabilities for individual adults were dependent on 

354 their age and were assigned from a constant vector of age-specific reproductive success 

355 probabilities (PRS), such that all individuals of a given age had the same probability of having 

356 offspring. There was no additional random variation in age-specific reproductive success values, 

357 although such variation could be incorporated in future model applications. PRS was estimated 

358 from empirical data from both mainstem and tributary adults as a vector of age-specific mean 

359 reproductive success values, where reproductive success was a Bernoulli variable (zero offspring 

360 or >0 offspring). Third, individual sampling probabilities were also dependent on age values and 

361 assigned from a vector of age-specific sampling selectivity values (Psampling). A subset of parents 

362 in the simulated spawning population were sampled (nadults) as they returned to hypothetical natal 

363 rivers, conditional on their age-specific sampling probability. Parents were assigned to offspring 
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364 using a weighted draw of nadults from all possible parents in the population (Ncadults). We did not 

365 parameterize these values differently by sex, but this could be implemented in future 

366 applications.

367 The value Noffspring determined the census size of parr in the next generation, which was 

368 held constant across simulations in this study. Offspring were each assigned one parent, using 

369 methods adapted from TheWeight (Waples, 2022) by using a random draw from all possible 

370 parents, weighted by PRS values of parents. Then, a proportion of offspring were randomly 

371 sampled from all offspring in the population, representing juvenile sampling. The number of 

372 offspring sampled was also set as an initial input parameter (noffspring). We performed a 

373 hypothetical molecular pedigree reconstruction from sampled parents and offspring, assuming 

374 perfect parentage assignment. For each unique set of input parameters, the simulation was re-run 

375 for 1,000 iterations to quantify uncertainty.

376 Model Outputs

377 Model outputs comprised an incomplete pedigree containing sampled offspring and their 

378 assigned parent, if sampled, in addition to the ages of the known parents. These data were then 

379 used to quantify key population abundance statistics, such as the number of POPs and a tGMR 

380 estimate analogous to a single-sex binomial estimate. Mean tGMR estimates (Equation 5) and 

381 the range of abundances predicted by 95% of the simulations were quantified across 1,000 

382 iterations per simulation. By not accounting for sex, our model produces tGMR estimates that do 

383 not directly follow the currently established binomial or hypergeometric tGMR frameworks. Our 

384 simplified approach assumed equal sex ratios and no variability in reproductive success or 

385 sampling selectivity between the sexes.

386
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387 (Eq. 5)𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑑 𝑀𝑜𝑑𝑒𝑙 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒 =
(𝑚𝑒𝑎𝑛(𝑛𝑎𝑑𝑢𝑙𝑡) ∗  (𝑚𝑒𝑎𝑛(𝑛𝑜𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔)) +  1))

(𝑚𝑒𝑎𝑛(𝑃𝑂𝑃𝑠) +  1)

388 Model Parameterization

389 PRS was calculated from our empirical Chilkat River case study by identifying the mean 

390 reproductive success for each age-class. We used 434 ages from scale samples collected from 

391 both the lower river and the upstream tributaries from the case study system, and we used only 

392 these 434 individuals with known ages for reproductive success analysis (Figure S1). 

393 Psampling was also calculated from the case study data using the 434 adults with known 

394 ages from scale age analysis. We first estimated the “true” age structure of the population using 

395 adults sampled from the lower mainstem. As discussed previously, adults sampled in the lower 

396 mainstem river are thought to provide the most accurate representation of the population’s age 

397 structure due to the use of fishwheels and gillnets with differing selectivity. Next, the relative 

398 selectivity for the upriver tributary sampling event was estimated by calculating the age structure 

399 within tributary adults by dividing the number of adults of a given age within the tributary by the 

400 “true” age structure calculated from the mainstem adults. Finally, we standardized selectivity 

401 within the tributary by dividing the relative age structure for the tributary sampling event by the 

402 sum of the relative age structure for the tributary sampling event.

403 Asymptotic Reproductive Success and Sampling Selectivity (Violating Assumption 1) 

404 To examine how age-specific differences in reproductive success and sampling 

405 selectivity influence the accuracy and precision of tGMR estimation, we parameterized our 

406 model with a range of values for the age-specific vectors PRS and Psampling. To explore a range of 

407 possible scenarios in which reproductive success or selectivity of adult sampling varied with age, 

408 we generated values for these parameters from a logistic function (Equation 6), where the slope 
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409 of the relationship between reproductive success or sampling selectivity and age was determined 

410 by a slope variable ( ), and the a50 parameter was fixed at the mean of observed ages (4.5). 𝛿

411 (Eq. 6)𝑷𝑹𝑺  𝑜𝑟 𝑷𝒔𝒂𝒎𝒑𝒍𝒊𝒏𝒈 𝑓𝑜𝑟 𝑎 𝑔𝑖𝑣𝑒𝑛 𝛿 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 = 1 + 𝑒( ― 1 ∗  𝛿(𝑎𝑔𝑒 ― 𝑎50)) ―1
 

412 We scaled  continuously across the values -3 to 3, which encompasses a range of plausible life 𝛿

413 history patterns of these traits for many salmonids and drew Psampling and PRS values across the 

414 scope of  values. For each  value, the corresponding PRS and Psampling vectors were used as 𝛿 𝛿

415 simulation inputs while holding all other input parameters constant. PRS and Psampling were 

416 examined separately, varying only one parameter at a time while holding the other constant at 

417 values of 0.07, 0.17, 0.28, 0.38 for PRS and 0.10, 0.40, 0.70, or 0.10 for Psampling. The constant 

418 values reflect estimated quantities from the combined mainstem and tributary Chilkat River adult 

419 sampling events. Each  scenario was evaluated across 1,000 model iterations for each set of PRS 𝛿

420 and Psampling values separately, with among-iteration differences arising from random variation in 

421 which: (1) individual adults were captured during event 1; (2) individual adults produced 

422 offspring; and (3) individual offspring were sampled during event 2. The model outputs from 

423 these iterations quantified the range of bias in tGMR estimates resulting from variation in 

424 reproductive success-at-age and selectivity-at-age predictions. Bias was calculated as the 

425 difference between the averaged point estimate across the 1,000 iterations and the “true” input 

426 Ncadults value, divided by Ncadults (Equation 7).

427 (Eq. 7)𝐵𝑖𝑎𝑠 =
(𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑑 𝑀𝑜𝑑𝑒𝑙 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒 ― 𝑁𝑐𝑎𝑑𝑢𝑙𝑡𝑠)

𝑁𝑐𝑎𝑑𝑢𝑙𝑡𝑠

428 Comparison of Mainstem vs Tributary tGMR Estimates (Violating Assumption 2) 

429 To examine how adult sampling location and timing of capture may impact tGMR 

430 estimates, we compared hypergeometric tGMR estimates inferred based on three adult Chinook 

431 collections: 1) lower mainstem Chilkat River adults sampled in June and July; 2) upriver 
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432 tributary adults sampled in August; and 3) adults from both sampling events, combined. We used 

433 separately reconstructed pedigrees for these three collections. The resulting hypergeometric 

434 tGMR estimates and their confidence intervals (calculated using a normal approximation) were 

435 then compared. Hypergeometric estimates were used as opposed to binomial estimates, because 

436 the hypergeometric model is more robust to violations of assuming an equal probability of 

437 capture during the adult sampling event (Rawding et al., 2014; Small et al., 2020). The 

438 hypergeometric model is generally more robust in salmonid systems, as the sampling without 

439 replacement framework buffers against heterogeneity in reproductive success that may lead to 

440 violations of this core assumption (Small et al., 2020).

441 Differences in tGMR estimates between lower mainstem and upriver tributary samples 

442 could result from violations of assumptions in either estimate or the loss of adults from the 

443 population during freshwater migration. We defined dropout as the number of adults that may be 

444 sampled in the lower mainstem river but are subsequently unable to be sampled in the upriver 

445 tributaries for any reason that would violate the assumption of a closed population, such as 

446 movement out of the study area or accidental capture mortality. The potential influence of adult 

447 dropout on tGMR abundance estimation was examined with our individual-based modeling 

448 framework, which assumes that assumptions are otherwise met for both estimates. Nine 

449 simulation scenarios were implemented with varying rates of dropout from 0% to 40%, in 

450 increments of 5%, based on a range thought to encompass a plausible set of values likely to 

451 occur in Alaska watersheds (Richards et al., 2017). Input Psampling values for the lower mainstem 

452 and upriver tributary simulation scenarios were re-calculated separately for each traditional adult 

453 sampling event/gear type in the same manner described in the “Model Parameterization” section. 

454 These re-calculations were performed to better reflect the selectivity conditions occurring during 
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455 these discrete sampling periods (Table 2; Figure S2), improving our ability to compare simulated 

456 and empirical results. Model outputs (e.g., mean tGMR estimates) were then compared to the 

457 empirical hypergeometric mainstem and tributary tGMR estimates.

458 Results

459 Genotyping

460 The average genotyping success rate across all adult fish using GT-seq was 99.70%. The 

461 average genotyping success rate across all juveniles using GT-seq was 98.23%. There were 41 of 

462 the 641 adults and 7 of the 700 parr that had contamination scores deemed too high to allow for 

463 accurate microsatellite genotyping. The entire multiplex of five microsatellite loci were retained 

464 for analyses, however 26 of the 299 SNPs were dropped due to sequencing issues (non-singleton 

465 allelic ratios), 11 SNPs were dropped due to violations of HWE, and 8 SNPs were dropped due 

466 to LD with other SNPs (Shedd & Gilk-Baumer, 2021). Our final genotyping panel consisted of 

467 259 loci (254 SNPs and 5 microsatellites).

468 We removed 10 individuals from analyses that were missing greater than or equal to 20% 

469 of their genotypes (Dann et al. 2012). Furthermore, we removed 20 duplicated fish from our 

470 study. Most of these duplicates were recaptured adults that had been sampled during both adult 

471 sampling occasions (mainstem and tributary projects). We removed 46 outliers that fell outside 

472 the 1.5 interquartile range of individual heterozygosity. These individuals were likely 

473 excessively heterozygous because of contamination. The final dataset considered in all 

474 subsequent analyses (Table S2) included 583 adults (sample locations described in Table S3) and 

475 682 juvenile Chinook salmon (sample locations described in Table S4).
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476 Traditional and tGMR Abundance Estimates

477 Elliott & Peterson (2022) estimated the 2020 escapement of non-jack Chilkat River 

478 Chinook salmon (  age 4) to be 3,769 fish (95% CI: 2,726 – 4,812; Figure 3; Table 3). ≥

479 COLONY identified 237 POPs, 148 unique sampled parents, and 745 total inferred 

480 parents from within the complete sample of 583 adults and 682 juvenile Chinook salmon. The 

481 583 adult genotypes were considered the marks in both the binomial (with replacement) and 

482 hypergeometric (without replacement) estimators (Table 3). The captures in the binomial model 

483 were the 682 juveniles genotyped multiplied by two (each offspring has two potential parents), 

484 and the recaptures in the binomial model were the 237 POPs. The 745 unique parents inferred 

485 from the offspring using COLONY were considered the captures for the hypergeometric model, 

486 and the 148 unique sampled parents assigned to the offspring were the recaptures in the 

487 hypergeometric model. The escapement estimate calculated with the binomial model using all 

488 sampled adults was 3,344 fish (95% CI: 2,958 – 3,729). Using the hypergeometric model while 

489 including all adults, we estimated escapement to be 2,923 spawners (95% CI: 2,562 – 3,284; 

490 Figure 3; Table 3).

491 Simulations to Quantify Bias from Assumption Violations

492 Model Parameterization

493 The mean probability of reproductive success at a given age (PRS) values were 0.07 for 

494 age-3 adults, 0.17 for age-4 adults, 0.28 for age-5 adults, and 0.38 for age-6 adults (Figure S1). 

495 The calculated age structures and selectivity for each adult sampling event are presented in Table 

496 2 and Figure S2.
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497 Asymptotic Reproductive Success (Violating Assumption 1)

498 We investigated how variation in age-specific reproductive success influenced the 

499 magnitude and direction of bias in tGMR abundance estimation. Bias (i.e., the difference 

500 between model-estimates and the true adult run size (Ncadults); Equation 7) increased as 

501 reproductive success-at-age decreased. For example, in simulations testing the most extreme 

502 decreasing age-specific reproductive success (slope  = -3), the averaged estimate was positively 𝛿

503 biased by 33% (Figure 4B). In contrast, bias was close to zero (0.1%) when reproductive success 

504 was constant across ages (  = 0). However, bias became more negative as age-specific 𝛿

505 reproductive success increased. For example, in the most extreme case of increasing reproductive 

506 success-at-age (  = 3), the averaged point estimate was biased by -10%. Notably, in scenarios 𝛿

507 with increasing reproductive success-at-age, bias appears to asymptote near -10%. The 

508 variability in bias among simulations decreased as  became increasingly positive (i.e., greater 𝛿

509 reproductive success at older ages). In contrast, bias did not appear to asymptote with decreasing 

510 reproductive success-at-age. The range of bias observed in 95% of simulation iterations for a 

511 given  is represented by the gray shaded area on Figure 4B. Chinook salmon reproductive 𝛿

512 success is positively associated with age (Koch & Narum, 2021), indicating that the scenarios 

513 simulating decreasing age-specific reproductive success (  = -3,  = -2,  = -1) are unlikely to 𝛿 𝛿 𝛿

514 occur in natural systems. However, we include these scenarios as some semelparous fishes may 

515 demonstrate this life history pattern and it is therefore useful to fully understand the range of 

516 possible effects driven by variable age-specific reproductive success in different systems.

517 Asymptotic Adult Sampling Selectivity (Violating Assumption 1)

518 We also investigated how variation in age-specific sampling selectivity influenced the 

519 magnitude and direction of bias in tGMR abundance estimation (Figure 4). Bias increased as 
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520 selectivity-at-age decreased. In simulations with the most extreme decreasing selectivity-at-age (

521  = -3), the averaged point estimate was positively biased by 37%. However, bias was nearly 𝛿

522 zero (0.2%) when selectivity was constant across ages (  = 0). Bias became more negative as 𝛿

523 selectivity-at-age increased. Under the most extreme case of increasing selectivity-at-age (  = 3), 𝛿

524 the averaged point estimate was biased by -13%. While bias appeared to increase severely and 

525 continuously with decreasing selectivity-at-age, under increasing selectivity-at-age, bias 

526 appeared to asymptote negatively at -13%. The variability in bias for  = 3 decreased to nearly 𝛿

527 zero.

528 Comparison of Mainstem vs Tributary tGMR Estimates (Violating Assumption 2) 

529 Using 295 returning adult Chinook salmon sampled in the lower mainstem of the Chilkat 

530 River in June of 2020 and 682 parr collected in the fall of 2021, COLONY identified 56 unique 

531 adult parents assigned to parr offspring and inferred 705 total unique successfully reproducing 

532 adults. These quantities produced a hypergeometric tGMR estimate of 3,665 adults (95% CI: 

533 2,852 – 4,479) with a CV of 11% (Table 3), based on event 1 adult sampling in the lower 

534 mainstem river. Using the 306 adults sampled in upriver spawning tributaries in August of 2020 

535 and all 682 sampled parr, COLONY identified 96 unique adult parents assigned to parr offspring 

536 and inferred 721 total unique successfully reproducing adults. These quantities produced a 

537 hypergeometric tGMR estimate of 2,284 adults (95% CI: 1,936 – 2,632) with a CV of 8%, based 

538 on adult event 2 sampling in the spawning tributaries. 

539 We evaluated how varying levels of dropout between adult sampling locations (lower 

540 river mainstem vs upriver tributary spawning grounds) may influence tGMR estimates. As the 

541 percentage of adult dropout increased across simulations, the average estimate based on upriver 

542 tributary adult sampling, and the range of abundances predicted by 95% of simulations, 
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543 decreased (Table S5, Figure 5). For example, at 0% dropout the average abundance estimate was 

544 3,283 fish, while at 40% dropout the average abundance estimate was 1,978. Notably, vectors of 

545 age-specific sampling selectivity values (Psampling) used to parameterize the scenarios examining 

546 the influence of dropout were calculated from the empirical case study data separately for 

547 mainstem Psampling = [0.18, 0.12, 0.60, 0.10] and tributary habitats Psampling = [0.01, 0.34, 0.29, 

548 0.36]. The simulated differences observed in scenarios in which Proportiondropout was held at 

549 0% for both lower mainstem river and upriver tributary sampling locations (Figure 6, left panel) 

550 is attributable to differences in Psampling. The difference between these estimates was 144 fish 

551 (Figure 6, left panel; calculated from Table S5), which was insufficient to explain the empirically 

552 observed difference in abundance estimates between the mainstem and tributary habitats (1,381 

553 fish, Figure 6 right panel, calculated from Table 3). The simulation scenario with a 30% dropout 

554 rate (Figure 6, middle panel) produced an average estimate (2,281 fish; 95% predicted range: 

555 1,855 – 2,706) which aligned well with the empirical hypergeometric tGMR estimator calculated 

556 using only tributary adults (2,284 fish; 95% CI: 1,936 – 2,632; Tables 3 and S3). This simulated 

557 exploration of varying dropout rates and selectivity differences between adult sampling locations 

558 explores one potential mechanism underpinning the differences we observed between our 

559 mainstem and tributary empirical tGMR estimates.

560 Discussion

561 We used tGMR to estimate escapement of Chilkat River Chinook salmon during the 2020 

562 season and developed a simulation framework to evaluate potential biases arising from adult 

563 sampling. Our findings suggest tGMR can produce estimates concordant with traditional mark-

564 recapture while providing increased precision, particularly when using adults representatively 

565 sampled in mainstem habitat. Prior tGMR applications have similarly observed increased 
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566 precision with tGMR estimates in comparison to traditional methods (Rawding et al., 2014; 

567 Whitmore 2016; Small et al., 2020), which arises in part from the high recapture rates afforded 

568 by genetically sampling adults via their offspring. A carefully designed, representative adult 

569 sampling program is crucial for avoiding violations of key tGMR assumptions (e.g., (1) 

570 assuming an equal probability of adult capture and (2) assuming a closed population), and we 

571 provide empirical and simulated evidence of bias that can be driven by (1) age-specific co-

572 occurring differences in both reproductive success and sampling selectivity and (2) adult dropout 

573 between sample sites. Motivated by previous efforts to describe potential biases associated with 

574 POP-based abundance estimates (Waples & Feutry, 2022), we leveraged parameters from our 

575 Chilkat River case study to develop an individual-based model to simulate the expected direction 

576 and magnitude of bias that may be encountered in tGMR applications. Through evaluation of our 

577 findings, we address key uncertainties in the tGMR framework and highlight circumstances that 

578 may benefit from adopting tGMR for salmon abundance estimation.

579 Estimate Evaluation

580 We compared six tGMR estimates - three hypergeometric and three binomial estimates - 

581 to our reference abundance estimate, the traditional mark-recapture project. The hypergeometric 

582 estimate using mainstem adults was most concordant with the traditional mark-recapture 

583 estimate, yet the tGMR estimate had greater precision. It should be noted that the traditional 

584 mark-recapture project estimates escapement of Chinook salmon ages 4 in the Chilkat River, ≥  

585 while the tGMR application estimates escapement of all age-classes, including jacks (age-3 

586 males). Jacks were estimated to comprise 18% of the mainstem escapement, suggesting that if 

587 the traditional mark-recapture project accounted for jacks, our reference estimate would shift 

588 upwards by 18%. Subsequently, the mainstem tGMR estimate would then be underestimating 
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589 escapement, which may be partially explained by our simulation findings that suggest tGMR will 

590 be biased between -10–13% when both reproductive success and adult sampling selectivity 

591 increase with age. We observed increased reproductive success with age in the Chilkat River, 

592 and despite the use of multiple gear types, it is possible that the sampling effort was still biased 

593 regarding age, size, and reproductive success.

594 The binomial tGMR estimate using adults collected in the mainstem showed less 

595 agreement with the traditional estimate than the hypergeometric counterpart. This departure can 

596 likely be attributed to the binomial estimator being less robust to assumption violations and more 

597 prone to biases as a result of following sampling with replacement (Rawding et al., 2014; Small 

598 et al., 2020). Considering these observed differences within our case study and results from past 

599 tGMR projects, we caution tGMR users from relying on the binomial estimator. Instead, it is 

600 preferable to identify an informative panel of genomic markers for the target population to 

601 confidently infer unsampled parents during parentage analysis, so that the hypergeometric 

602 framework may be reliably utilized. The marker panel used here may have led to imperfectly 

603 inferred unsampled parents, as evidenced by differences in captures, ‘C’, across our three 

604 hypergeometric estimates (705–745 inferred unsampled parents; Table 3). This variation may be 

605 driven by the marker panel’s incomplete ability to differentiate among pairs of unrelated 

606 individuals, half siblings, and full siblings (Figure S4; Figure S5). While simulation results 

607 indicated high statistical power of our selected markers to accurately differentiate between pairs 

608 of unrelated individuals and full siblings, less power to distinguish between full- and half-

609 siblings may have limited COLONY’s ability to accurately reconstruct full- and half-sibling 

610 family groups (Whitmore 2016). The hypergeometric tGMR framework can be strengthened by 

611 using marker panels with sufficient power to confidently identify half-sibling relationships. 
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612 The tGMR estimates produced using (1) all adults sampled across the watershed and (2) 

613 adults only sampled in tributaries resulted in estimates that were less concordant to the traditional 

614 mark-recapture estimate. These differences emphasize that location, timing, and 

615 representativeness of adult sampling is critical when conducting tGMR studies (Peterson et al. 

616 2023). It is known that tributary adult samples were not representative of all Chilkat River 

617 spawners, given that the distribution of samples across spawning tributaries varied greatly 

618 compared to previous radiotelemetry studies (Ericksen & Chapell 2006) and the higher sampling 

619 selectivity of larger, older fish. Sampling only a subset of tributary spawning locations violates 

620 key assumptions, casting doubt on the veracity of the tributary tGMR estimate. 

621 Unequal Probability of Adult Capture: Violating Assumption 1

622 Covariation in reproductive success and adult sampling selectivity has the potential to 

623 violate the core tGMR assumption that all adults have the same probability of being sampled. 

624 Results from our simulations indicate that bias from violating this assumption is most severe and 

625 variable when both the probability of reproductive success and sampling selectivity differ with 

626 age in opposing directions. For example, when reproductive success increases with age and 

627 sampling selectivity is biased towards younger individuals (such as when using a fishwheel), 

628 then bias can be substantial and positive. However, when both reproductive success and 

629 sampling selectivity increase with age simultaneously, simulated bias is only slightly negative. 

630 Variation in bias is reduced considerably under these circumstances, as the expected number of 

631 POPs encountered when reproductive success and sampling selectivity simultaneously increase 

632 with age becomes quite consistent. When these traits vary in opposing directions, the expected 

633 number of encountered POPs ranges drastically due to random chance, which has been 

634 demonstrated as the primary mechanism driving bias variability in POP-based estimators 
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635 (Waples & Feutry, 2022). The largely predictable and minimal nature of the bias we observed 

636 when these traits covary increasingly with age makes these circumstances amenable to 

637 calculating a tGMR correction factor. Additionally, it is these very conditions (increasing 

638 reproductive success and sampling selectivity with age) that are most likely to be encountered 

639 when enumerating salmonids. The expectation that older Pacific salmon are more reproductively 

640 successful than their younger counterparts is well-documented (Koch & Narum, 2021) and 

641 further supported by our results. Additionally, the most frequently used gear types are biased 

642 towards selecting older, more reproductively successful individuals (Elliott & Peterson, 2018). 

643 The slight negative bias driven by these co-occurring conditions will likely not perturb the 

644 reliability of tGMR if identified and accounted for, at least within the limited parameter settings 

645 presented in this simulation study.

646 Dropout: Violating Assumption 2

647 An alternative explanation for the differences between the mainstem and tributary tGMR 

648 abundance estimates is adult dropout. A study that applied CKMR to a population of iteroparous 

649 Atlantic salmon in Norway similarly found that variation in spatial and temporal adult sampling 

650 resulted in contrasting estimates of escapement (Wacker et al., 2021). Samples collected near the 

651 point of freshwater entry were thought to result in CKMR estimates of total Atlantic salmon 

652 escapement, while individuals sampled during spawning surveys were described as producing an 

653 estimate of only adults that had successfully migrated to upriver breeding habitat. The observed 

654 parallel differences among these CKMR and tGMR findings highlight that dropout throughout 

655 the adult freshwater migration can drive differences in kinship-based population estimators.

656 Dropout occurring during freshwater migrations will likely increase as climate change 

657 and habitat degradation further reduce optimal conditions for the migration of spawning 
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658 salmonids (von Biela et al., 2022). While our simulations suggest that a 30% dropout rate is a 

659 potential explanation for the discrepancy between empirical mainstem and tributary tGMR 

660 estimates, it is important to note that the 95% range of abundances predicted across simulations 

661 testing 15–40% rates of dropout also overlap with the empirical tributary tGMR estimate. A 

662 previous radiotelemetry experiment conducted on Chilkat River Chinook salmon in 2005 found a 

663 12% dropout rate (Ericksen & Chapell 2006), which is considerably lower than our point 

664 estimate for 2020. Previously, the highest recorded dropout rate for Chinook salmon in Southeast 

665 Alaska was 23% on the Taku River in 2016 (Richards et al., 2017). Further combining 

666 radiotelemetry and tGMR studies may provide a reliable path forward to evaluate change in 

667 dropout over time.

668 Model Assumptions and Limitations

669 Our study provides an individual-based model as a tool to quantify and correct for 

670 violations of key tGMR assumptions. However, it should be emphasized that our simulation 

671 framework simplifies wild Pacific salmon population dynamics and makes several notable 

672 assumptions that may affect the interpretation of findings. First, sex was not considered in our 

673 simulation framework; therefore, the model assumes that the focal population has an equal sex 

674 ratio and no variation in age-specific reproductive success or sampling selectivity between sexes. 

675 These sex-based assumptions may result in model outputs that incorrectly estimate tGMR bias 

676 and variability. Therefore, future applications of this model should consider whether violations 

677 of these assumptions may influence results in study systems with evidence of non-equal sex 

678 ratios and sexual variation in age-specific reproductive success and sampling selectivity. We 

679 chose not to include sex in our model because non-lethal sex identification of Chilkat River 

680 Chinook salmon is error prone, and we were uncertain of the validity of the sex metadata 
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681 associated with our non-lethal adult samples. Testing the effect of sex ratios and variation in sex-

682 specific parameters would be a useful extension of our framework and could be tested in a 

683 system with reliable sex data to improve the accuracy of future tGMR applications. To increase 

684 the feasibility of tGMR, we encourage the continued development of marker panels that include 

685 sex-associated loci for accurate and non-lethal sex identification among semelparous Pacific 

686 salmon (e.g., McKinney et al. 2022).

687 Our model yields an estimate that is most akin to a single-sex binomial tGMR estimate, 

688 which may limit our ability to compare simulated estimates to empirical hypergeometric 

689 estimates. Incorporating the hypergeometric estimator in our simulations would have required 

690 explicitly simulating genotypes for each individual, which was beyond the scope of this 

691 modeling exercise. Furthermore, the single-sex binomial estimator is likely reducing the 

692 simulated variation in family size compared to populations with discrete sexes. The binomial 

693 estimator is dependent on the total number of POPs, which may be underestimated when 

694 variation in family size is reduced. Therefore, the single-sex binomial model may overestimate 

695 abundance compared to a wild population with discrete sexes and greater variation in family 

696 size. As a result, estimates of dropout calculated in this study may be inflated if fewer POPs are 

697 simulated than expected. Future models allowing one to compare binomial and hypergeometric 

698 estimators will be useful for resolving these uncertainties. 

699 Conclusions

700 Our empirical case study of Chilkat River Chinook salmon provides support for the use 

701 of tGMR as an enumeration tool offering increased precision, accordance with traditional 

702 methods, and reduced handling of adult spawners. Choosing between tGMR and traditional 

703 mark-recapture methods requires weighing the benefits and costs of each method. Although 
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704 hardly negligible, the costs of marker development and genotyping continue to decline (Meek 

705 and Larson, 2019), and not having to conduct a second adult sampling event is a significant 

706 benefit when handling stress is a major concern or when the study system requires expensive and 

707 challenging travel to remote locations. A major drawback of tGMR, however, is the delay 

708 between adult sampling and the availability of estimates (over a year in Pacific salmon 

709 applications to date, including ours). This delay precludes its use for in-season management and 

710 may delay postseason run reconstruction and abundance forecasts for the next season. 

711 Ultimately, the trade-offs between the two methods are likely to be case-specific, depending on 

712 sampling logistics and the information needs for management. Because tGMR has emerged 

713 recently, studies that compare both tGMR and traditional methods such as ours and others 

714 (Rawding et al., 2014; Whitmore 2016; Small et al., 2020) are particularly useful for evaluating 

715 these trade-offs.

716 Our case study and simulation analysis aimed to illuminate uncertainties surrounding 

717 violations of (1) the equal probability of capture assumption and (2) the closed population 

718 assumption. We assert that these two assumptions are those most likely to be violated when 

719 enumerating Pacific salmon; however, further work evaluating the remaining mark-recapture 

720 assumptions will continue to inform the utility of tGMR. Specifically, we recommend future 

721 efforts investigate the relative importance of random versus non-random offspring sampling in a 

722 tGMR framework, as this may be useful for determining optimal sampling strategies required to 

723 achieve unbiased escapement estimates. 

724 The individual-based model detailed here offers a simple and flexible framework for 

725 simulating the accuracy and precision of tGMR estimation across an array of demographic and 

726 sampling scenarios. Enumeration of spawning populations using tGMR can provide widely 
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727 applicable benefits to agencies seeking to increase the effectiveness of escapement-based 

728 management programs, while reducing invasive sampling. Future efforts to enumerate salmonids 

729 expressing complex life histories and various population sizes, should additionally be explored to 

730 determine tGMR’s reliability for enumerating a diversity of semelparous populations. 

731 Figures

732

733 Figure 1: A) Map of the Chilkat River watershed near Haines, AK. Chinook salmon were 
734 sampled in the mainstem (orange) and tributaries (blue). Sampling areas with a dashed red 
735 border denote locations where both adult and juvenile Chinook salmon were collected. Areas 
736 without the dashed red border indcate that only adults were sampled. B) Diagram of a traditional 
737 mark-recapture program used to estimate the escapement of Chilkat River Chinook salmon in 
738 2020. C) Diagram of the trans-generational genetic mark-recapture (tGMR) framework used to 
739 estimate escapement of Chilkat River Chinook salmon in 2020, created with BioRender.com. 
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740

741 Figure 2: Schematic of our individual-based model workflow to quantify the reliability of trans-
742 generational genetic mark-recapture (tGMR) for Chilkat River Chinook salmon under varying 
743 demographic and sampling scenarios. Created with BioRender.com.
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744

745 Figure 3: Estimated number of returning adults (escapement; y-axis) from four different 
746 estimation methods (x-axis) of adult Chilkat River Chinook salmon. Estimation methods include 
747 a traditional mark-recapture survey (left), which we compare to three hypergeometric tGMR 
748 estimates (right), quantified using samples collected on the river mainstem, tributaries, or both. 
749 Estimates are bounded by 95% confidence intervals. Icons created with BioRender.com.

750
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751

752 Figure 4: A) Example scenarios varying the slope variable ( ) to quantify reproductive success 𝛿
753 and selectivity probabilities (y-axis) for different ages (x-axis) of Chilkat River Chinook salmon 
754 (Equation 7 in the text). B) Expected bias (y-axis) in trans-generational genetic mark-recapture 
755 (tGMR) estimates resulting from age-specific differrences (x-axis) in reproductive success (left) 
756 and sampling selectivity (right). Shaded area indicates the range of bias predicted by 95% of 
757 simulations. Red dashed line represents zero bias. C) Simulated average tGMR estimates, using a 
758 single-sex binomial framework, and the 95% range of abundances predicted across 1,000 
759 iterations for each  scenario. The red dashed line represents the true simulated population size.𝛿
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760

761 Figure 5: Simulated escapement (y-axis) for Chilkat River Chinook salmon using a single-sex 
762 binomial trans-generational genetic mark-recapture (tGMR) estimate paramterized with varying 
763 rates of dropout (x-axis) between the mainstem and tributary sampling areas from 0% to 40%. 
764 Error bars indicate the 95% range of abundances predicted across 1,000 iterations for each 
765 dropout scenario. We compare these dropout scenarios to our empirical escapement estimate (red 
766 dashed line), quantified using a hypergeometric tGMR approach on adults sampled in the upriver 
767 spawning tributaries.

768
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769

770 Figure 6: Simulated escapement (y-axes) of Chilkat River Chinook salmon comparing 0% 
771 dropout (left) and 30% dropout scenarios (middle) to empirical hypergeometric mainstem and 
772 tributary estimates (right), while accounting for differences in age composition and selectivity. 
773 Error bars for simulations indicate the 95% range of abundances predicted across 1,000 iterations 
774 for each scenario; error bars for empirical estimates indicate 95% confidence intervals. 

775 Tables

776 Table 1: Input paramters and example values for individual-based simulations of Chilkat River 
777 Chinook salmon.

Argument Definition Example Values
Ncadults Adult census size 3,702
Ncoffspring Juvenile census size 480,000
nadults Adult sample size 581
noffspring Offspring sample size 682
Ages Adult ages 3, 4, 5, 6
Page Adult age structure 

probability
0.1, 0.14, 0.64, 0.12

PRS Age-specific reproductive 
success probability

0.07, 0.17, 0.28, 0.38

Psampling Age-specific sampling 
probability

0.03, 0.30, 0.38, 0.29

Pdropout Age-specific probability of 
removal of individuals from 
the population between 
mainstem and tributary 
sampling events

0.05
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Proportiondropout Proportion of adults that are 
randomly removed from the 
population between simulated 
mainstem and tributary 
sampling events

0.30

Iterations Number of iterations 
performed for each unique 
combination of input 
parameters

1,000

Scenario Scenario identifier 1
RS𝜹 Slope of a logistic function 

predicting age-specific 
probabilities of having 
offspring

-3, -2, -1, 0, 1, 2, 3

sampling𝜹 Slope of a logistic function 
predicting age-specific 
probabilities of being 
sampled

-3, -2, -1, 0, 1, 2, 3

778

779 Table 2: Age structure and selectivity for adult Chinook salmon, separated by adult age-class, 
780 across lower mainstem and upriver tributary sampling efforts.

Parameter Age 3 Age 4 Age 5 Age 6
Mainstem Age Structure 18% 12% 60% 10%
Mainstem Selectivity 18% 12% 60% 10%
Tributary Age Structure 1% 16% 69% 14%
Tributary Selectivity 1% 34% 29% 36%

781
782 Table 3: Comparison of traditional and trans-generational genetic mark-recapture (tGMR) 
783 estimators for Chilkat River Chinook salmon. The traditional mark-recapture estimate is 
784 provisional, based on mark (M), capture (C), and recapture (R) values not currently being 
785 published (Elliott & Peterson, 2022).

Estimator M C R Estimate 95% CI CV
Traditional Mark-Recapture 
(Adults  age 4)≥

n/a n/a n/a 3,769 (2,726 – 4,812) 14%

Hypergeometric tGMR (All 
adults)

583 745 148 2,923 (2,562 – 3,284) 6%

Hypergeometric tGMR 
(Mainstem adults)

295 705 56 3,665 (2,852 – 4,478) 11%

Hypergeometric tGMR 
(Tributary adults)

306 721 96 2,284 (1,936 – 2,632) 8%

Binomial tGMR (All adults) 583 1,364 237 3,344 (2,958 – 3,729) 6%
Binomial tGMR (Mainstem 
adults)

295 1,364 83 4,794 (3,806 – 5,781) 11%
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Binomial tGMR (Tributary 
adults)

306 1,364 165 2,516 (2,159 – 2,874) 7%

786

787 Supplementary Figures

788

789 Figure S1: The proportion of individuals that had at least one offspring (y-axis) at a given age (x-
790 axis). Blue horizontal lines indicate the mean PRS values and the grey shaded area represents the 
791 confidence band associated with the mean value.

792
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793

794 Figure S2: TOP) Proportion of total population size (y-axes) for each age class (x-axes) specific 
795 to each sampling habitat (mainstem, left; tributary, right). BOTTOM) Proportion of population 
796 sampled (y-axes) for each age class (x-axes) for each sampling habitat (mainstem, left; tributary, 
797 right).
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798
799 Figure S3: Distributions of log-likelihood ratios, generated using CKMRsim, between parent-
800 offspring pairs (blue) and unrelated pairs (red) of Chinook salmon. Baseline samples were 
801 genotyped at 301 SNPs and 13 microsatellite loci, however only 255 SNPs were retianed for 
802 analyses. Using the available baseline samples from 2004, this CKMRsim anlsysis simulated the 
803 power of 255 SNPs plus a single multiplex of 5 microsattelite loci for valid parentage inference.

804
805
806
807
808
809
810
811
812
813
814
815
816
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817

818 Figure S4: The log-likelihood ratio distribution, generated using CKMRsim, among unrelated 
819 pairs (red), half-sibling pairs (yellow), and full-sibling pairs (green) of Chinook salmon. Samples 
820 from 2020 were genotyped at 299 SNPs and 5 microsatellite loci. This CKMRsim anlsysis 
821 simulated the power of 254 SNPs plus a single multiplex of 5 microsattelite loci for valid sibship 
822 inference.

823
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824
825 Figure S5: Distributions of log-likelihood ratios, generated using CKMRsim, between parent-
826 offspring pairs (blue) and unrelated pairs (red) of Chinook salmon. The left panel displays log-
827 likelihood distributions for these relationships using 255 SNPs, while the right panel shows the 
828 same information using 13 microsatellites.
829
830
831
832
833
834
835
836
837
838
839
840

841 Supplementary Tables

842 Table S1: Input parameters for three implmentations of the parentage analysis software, 
843 COLONY. The number of Chilkat River Chinook salmon adults when using mainstem samples 
844 (implementation 2, not shown) was 295, and the Prob of dam and sire in candidates was 0.09. 
845 The number of adults when using tributary samples (implementation 3, not shown)  was 306, and 
846 the Prob of dam and sire in candidates was 0.10. 

Parameter Implementation 1: All 
Adults and All Juveniles

Number of adults in the 
sample

583
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847

848
849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869 Table S2: Sample sizes of genoytped Chilkat River Chinook salmon in each sampling event and 
870 the number of individuals removed due to missing data, duplicate samples, and excessive 
871 heterozygosity. Note that duplicates found in “all adults” are due to recaptures between the 
872 mainstem and tributary sampling events.

Sample 
Collection

Genotyped Missing 
Data

Duplicates Excessive 
heterozygosity

Final 
Dataset

All adults 641 0 19 39 583

Number of offspring in the 
sample

682

Number of loci 259
Seed for random number 
generator

1234

Not updating/updating allele 
frequency

Updating

Dioecious/monoecious species Dioecious
Inbreeding absent/present Absent
Diploid species/haplodiploid 
species

Diploid

Polygamy/monogamy for 
males & females

Polygamy

Clone inference No
Scale full sibship Yes
Sibship prior Weak
Unknown/known population 
allele frequency

Unknown

Number of runs 1
Length of run Medium
Monitor method Time in seconds
Monitor interval Seconds
Version Windows
Likelihood method Full-Likelihood
Precision Medium
Prob of Dad (and Mum) in 
candidates

0.23
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Mainstem 
Adults

312 0 0 17 295

Tributary 
Adults

329 0 1 22 306

Juveniles 700 10 1 7 682
873

874 Table S3 Samples sizes and locations for adult Chilkat River Chinook samples collected in 2020 
875 with genotypes passing quality assurance steps.

Sample Location Number of Adults in Final Dataset

Mainstem Fishwheel (Chilkat River) 150

Mainstem Gillnet (Chilkat River 145

Kelsall (Chilkat Tributary) 79

Tahini (Chilkat Tributary) 210

Klehini (Chilkat Tributary) 17

876
877 Table S4 Samples sizes and locations for juvenile Chilkat River Chinook samples collected in 
878 2021 with genotypes passing quality assurance steps.

Sample Location Number of Juveniles in Final Dataset

Mainstem (Chilkat River) 191

Kelsall (Chilkat Tributary) 247

Tahini (Chilkat Tributary) 244

879
880 Table S5: Key paramters and results for the dropout simulations for Chilkat River Chinook 
881 salmon.

Scenario Psampling Adults Dropout 
%

Estimate 95% Range of Abundances

1 
(Mainstem)

0.18, 0.12, 0.60, 0.10 295 0 3,427 2,615 – 4,239

2 
(Tributary)

0.01, 0.34, 0.29, 0.36 306 0 3,283 2,538 – 4,028

3 
(Tributary)

0.01, 0.34, 0.29, 0.36 306 5 3,119 2,429 – 3,810

4 
(Tributary)

0.01, 0.34, 0.29, 0.36 306 10 2,935 2,306 – 3,564
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5 
(Tributary)

0.01, 0.34, 0.29, 0.36 306 15 2,802 2,216 – 3,388

6 
(Tributary)

0.01, 0.34, 0.29, 0.36 306 20 2,600 2,078 – 3,123

7 
(Tributary)

0.01, 0.34, 0.29, 0.36 306 25 2,460 1,982 – 2,938

8 
(Tributary)

0.01, 0.34, 0.29, 0.36 306 30 2,281 1,855 – 2,706

9 
(Tributary)

0.01, 0.34, 0.29, 0.36 306 35 2,128 1,745 – 2,510

10 
(Tributary)

0.01, 0.34, 0.29, 0.36 306 40 1,978 1,638 – 2,319

882

883 Supplementary Material

884 Parentage Power Analysis Methods

885 We used previously collected baseline genotype data from adult Chilkat River Chinook 

886 salmon sampled in 2004 (K. Shedd & Gilk-Baumer, 2021) and the R package CKMRsim (Dr. 

887 Eric Anderson https://github.com/eriqande/CKMRsim) to evaluate the power of various 

888 combinations of genetic markers to sufficiently detect all parent-offspring relationships (false 

889 negative rate < 0.0001, for a false positive rate = 100 times the reciprocal of the number of 

890 anticipated pairwise comparisons of parents and offspring). These available baseline samples 

891 were genotyped for 301 single nucleotide polymorphism (SNP) genetic markers using 

892 Genotyping-in-Thousands by sequencing (GT-seq; Campbell et al., 2015) in combination with 

893 13 microsatellite loci from the Genetic Analysis of Pacific Salmon (GAPS) panel (Seeb et al., 

894 2007; Moran et al., 2013). The 301 SNP GT-seq panel was based off of the 299 SNP v3.0 GT-

895 seq panel developed by the Columbia River Inter-tribal Fish Commission Hagerman Genetics 

896 Laboratory (Hess et al., 2014) with two additional SNPs (Ots_uwsnp640165 and 

897 Ots_uwsnp670329) that are associated with the run timing gene GREB1L (Prince et al., 2017). 

898 We used CKMRsim to calculate population allele frequencies from baseline samples, simulate 
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899 multi-locus genotypes for different relationships, and evaluate the statistical power of a given 

900 marker set (254 SNPs and 5 microsatellite loci) for identifying valid parentage assignments 

901 (Figure S3).

902 Parentage Power Analysis Results

903 When simulating the false positive and false negative rates of parentage assignments 

904 associated with various combinations of GAPS microsatellite multiplexes in conjunction with a 

905 GT-seq SNP panel in CKMRsim, we determined that a single multiplex of five microsatellite loci 

906 accompanied by the SNP panel would provide ample power for valid parentage assignments. 

907 Figure 4 shows that the distribution of log-likelihood ratios for POPs versus unrelated pairs have 

908 minimal overlap, indicating adequate statistical power for differentiating between these two 

909 groups. Our evaluation of parentage panels in CKMRsim was based on the criteria of requiring a 

910 false positive rate that is 10 times lower than the reciprocal of the number of comparisons we 

911 made (0.1 x (641 adults x 700 parr))-1 = 2.2-5) (recommendation from Eric Anderson, author of 

912 CKMRsim). Using ADF&G’s baseline samples of Chilkat River Chinook salmon, we observed a 

913 simulated false positive rate of 2.34-7 and a false negative rate of 0.0006 in CKMRsim associated 

914 with our proposed panel.

915 Once the 2020 adult samples were genotyped, we re-ran the CKMRsim analysis to 

916 evaluate how similar the final panels performed for parentage analysis between the baseline and 

917 2020 samples. As expected, the contemporary CKMRsim results indicated that the 2020 samples 

918 provided concordant statistical power for parentage inference, simulating a false positive rate of 

919 3.98e-7 and a false negative rate of 0.0001.

Page 48 of 64Evolutionary Applications



49

920 Data Archiving/Accessibility Statement: Data for this study are available at: 

921 https://github.com/swrosenbaum/tGMR_simulations
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1110 Appendix S1: Single nucleotide polymorphism and microsatellite loci used to genotype Chilkat 
1111 River Chinook salmon.

Locus Source
ARNT Hess et al., 2014
GTH2B-550 Hess et al., 2014
NOD1 Hess et al., 2014
Ots_100884-287 Hess et al., 2014
Ots_101119-381 Hess et al., 2014
Ots_101554-407 Hess et al., 2014
Ots_101704-143 Hess et al., 2014
Ots_101770-82 Hess et al., 2014
Ots_102213-210 Hess et al., 2014
Ots_102414-395 Hess et al., 2014
Ots_102457-132 Hess et al., 2014
Ots_102801-308 Hess et al., 2014
Ots_102867-609 Hess et al., 2014
Ots_103041-52 Hess et al., 2014
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Ots_103122-180 Hess et al., 2014
Ots_104048-194 Hess et al., 2014
Ots_104415-88 Hess et al., 2014
Ots_105105-613 Hess et al., 2014
Ots_105132-200 Hess et al., 2014
Ots_105385-421 Hess et al., 2014
Ots_105401-325 Hess et al., 2014
Ots_105407-117 Hess et al., 2014
Ots_105897-124 Hess et al., 2014
Ots_106313-729 Hess et al., 2014
Ots_106499-70 Hess et al., 2014
Ots_106747-239 Hess et al., 2014
Ots_107074-284 Hess et al., 2014
Ots_107285-93 Hess et al., 2014
Ots_107607-315 Hess et al., 2014
Ots_107806-821 Hess et al., 2014
Ots_108007-208 Hess et al., 2014
Ots_108390-329 Hess et al., 2014
Ots_108735-302 Hess et al., 2014
Ots_108820-336 Hess et al., 2014
Ots_109525-816 Hess et al., 2014
Ots_109693-392 Hess et al., 2014
Ots_110064-383 Hess et al., 2014
Ots_110201-363 Hess et al., 2014
Ots_110381-164 Hess et al., 2014
Ots_110551-64 Hess et al., 2014
Ots_110689-218 Hess et al., 2014
Ots_111084b-619 Hess et al., 2014
Ots_111312-435 Hess et al., 2014
Ots_111681-657 Hess et al., 2014
Ots_112208-722 Hess et al., 2014
Ots_112301-43 Hess et al., 2014
Ots_112419-131 Hess et al., 2014
Ots_112876-371 Hess et al., 2014
Ots_113242-216 Hess et al., 2014
Ots_113457-40R Hess et al., 2014
Ots_115987-325 Hess et al., 2014
Ots_117242-136 Hess et al., 2014
Ots_117259-271 Hess et al., 2014
Ots_117370-471 Hess et al., 2014
Ots_117432-409 Hess et al., 2014
Ots_118175-479 Hess et al., 2014
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Ots_118205-61 Hess et al., 2014
Ots_118938-325 Hess et al., 2014
Ots_120950-417 Hess et al., 2014
Ots_122414-56 Hess et al., 2014
Ots_123048-521 Hess et al., 2014
Ots_123921-111 Hess et al., 2014
Ots_124774-477 Hess et al., 2014
Ots_127236-62 Hess et al., 2014
Ots_127760-569 Hess et al., 2014
Ots_128302-57 Hess et al., 2014
Ots_128693-461 Hess et al., 2014
Ots_128757-61R Hess et al., 2014
Ots_129144-472 Hess et al., 2014
Ots_129170-683 Hess et al., 2014
Ots_129458-451 Hess et al., 2014
Ots_129870-55 Hess et al., 2014
Ots_130720-99 Hess et al., 2014
Ots_131460-584 Hess et al., 2014
Ots_131802-393 Hess et al., 2014
Ots_131906-141 Hess et al., 2014
Ots_2KER-137 Hess et al., 2014
Ots_94857-232R Hess et al., 2014
Ots_94903-99R Hess et al., 2014
Ots_96222-525 Hess et al., 2014
Ots_96500-180 Hess et al., 2014
Ots_96899-357R Hess et al., 2014
Ots_97077-179R Hess et al., 2014
Ots_97660-56 Hess et al., 2014
Ots_98409-850 Hess et al., 2014
Ots_98683-796 Hess et al., 2014
Ots_99550-204 Hess et al., 2014
Ots_aldb-177M Hess et al., 2014
Ots_AldB1-122 Hess et al., 2014
Ots_AldoB4-183 Hess et al., 2014
Ots_arp-436 Hess et al., 2014
Ots_AsnRS-72 Hess et al., 2014
Ots_aspat-196 Hess et al., 2014
Ots_CCR7 Hess et al., 2014
Ots_CD59-2 Hess et al., 2014
Ots_CD63 Hess et al., 2014
Ots_cgo24-22 Hess et al., 2014
Ots_Chin30up-211 Hess et al., 2014
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Ots_CirpA Hess et al., 2014
Ots_cox1-241 Hess et al., 2014
Ots_CRB211 Hess et al., 2014
Ots_crRAD10447-25 Hess et al., 2014
Ots_crRAD11620-55 Hess et al., 2014
Ots_crRAD12037-39 Hess et al., 2014
Ots_crRAD12711-37 Hess et al., 2014
Ots_crRAD13725-51 Hess et al., 2014
Ots_crRAD16540-50 Hess et al., 2014
Ots_crRAD17527-58 Hess et al., 2014
Ots_crRAD18289-33 Hess et al., 2014
Ots_crRAD18492-65 Hess et al., 2014
Ots_crRAD18937-60 Hess et al., 2014
Ots_crRAD20262-46 Hess et al., 2014
Ots_crRAD20376-66 Hess et al., 2014
Ots_crRAD20887-70 Hess et al., 2014
Ots_crRAD21115-24 Hess et al., 2014
Ots_crRAD22960-32 Hess et al., 2014
Ots_crRAD23631-48 Hess et al., 2014
Ots_crRAD25367-50 Hess et al., 2014
Ots_crRAD255-59 Hess et al., 2014
Ots_crRAD26081-28 Hess et al., 2014
Ots_crRAD26165-69 Hess et al., 2014
Ots_crRAD27164-55 Hess et al., 2014
Ots_crRAD27515-69 Hess et al., 2014
Ots_crRAD2806-42 Hess et al., 2014
Ots_crRAD28677-65 Hess et al., 2014
Ots_crRAD292-21 Hess et al., 2014
Ots_crRAD33054-62 Hess et al., 2014
Ots_crRAD33491-71 Hess et al., 2014
Ots_crRAD34397-33 Hess et al., 2014
Ots_crRAD35313-66 Hess et al., 2014
Ots_crRAD36072-29 Hess et al., 2014
Ots_crRAD36152-44 Hess et al., 2014
Ots_crRAD38095-29 Hess et al., 2014
Ots_crRAD38746-36 Hess et al., 2014
Ots_crRAD42058-48 Hess et al., 2014
Ots_crRAD44588-67 Hess et al., 2014
Ots_crRAD46081-56 Hess et al., 2014
Ots_crRAD46751-42 Hess et al., 2014
Ots_crRAD47297-55 Hess et al., 2014
Ots_crRAD5061-27 Hess et al., 2014
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Ots_crRAD55400-59 Hess et al., 2014
Ots_crRAD55475-26 Hess et al., 2014
Ots_crRAD57376-68 Hess et al., 2014
Ots_crRAD57520-66 Hess et al., 2014
Ots_crRAD57687-34 Hess et al., 2014
Ots_crRAD60614-46 Hess et al., 2014
Ots_crRAD60620-51 Hess et al., 2014
Ots_crRAD61523-71 Hess et al., 2014
Ots_crRAD66330-60 Hess et al., 2014
Ots_crRAD69327-53 Hess et al., 2014
Ots_crRAD73823-60 Hess et al., 2014
Ots_crRAD74766-28 Hess et al., 2014
Ots_crRAD75581-70 Hess et al., 2014
Ots_crRAD78968-46 Hess et al., 2014
Ots_crRAD92420-25 Hess et al., 2014
Ots_crRAD9615-69 Hess et al., 2014
Ots_DDX5-171 Hess et al., 2014
Ots_EndoRB1-486 Hess et al., 2014
Ots_EP-529 Hess et al., 2014
Ots_Est1363 Hess et al., 2014
Ots_Est740 Hess et al., 2014
Ots_ETIF1A Hess et al., 2014
Ots_FARSLA-220 Hess et al., 2014
Ots_FGF6A Hess et al., 2014
Ots_FGF6B Hess et al., 2014
Ots_GCSH Hess et al., 2014
Ots_GDH-81x Hess et al., 2014
Ots_GH2 Hess et al., 2014
Ots_GNRH2-278 Hess et al., 2014
Ots_GPDH Hess et al., 2014
Ots_GPH-318 Hess et al., 2014
Ots_GST-207 Hess et al., 2014
Ots_GST-375 Hess et al., 2014
Ots_HFABP-34 Hess et al., 2014
Ots_HMGB1-73 Hess et al., 2014
Ots_hnRNPL-533 Hess et al., 2014
Ots_hsc71-3prime-488 Hess et al., 2014
Ots_hsc71-5prime-453 Hess et al., 2014
Ots_hsp27b-150 Hess et al., 2014
Ots_Hsp90a Hess et al., 2014
Ots_HSP90B-100 Hess et al., 2014
Ots_IGF1-91 Hess et al., 2014
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Ots_IK1-328 Hess et al., 2014
Ots_IL11 Hess et al., 2014
Ots_IsoT Hess et al., 2014
Ots_LEI-292 Hess et al., 2014
Ots_mapK-3prime-309 Hess et al., 2014
Ots_mapKpr-151 Hess et al., 2014
Ots_MetA Hess et al., 2014
Ots_mybp-85 Hess et al., 2014
Ots_Myc-366 Hess et al., 2014
Ots_myo1a-384 Hess et al., 2014
Ots_myoD-364 Hess et al., 2014
Ots_nelfd-163 Hess et al., 2014
Ots_NFYB-147 Hess et al., 2014
Ots_nkef-192 Hess et al., 2014
Ots_nramp-321 Hess et al., 2014
Ots_ntl-255 Hess et al., 2014
Ots_OPLW-173 Hess et al., 2014
Ots_OPSW-152 Hess et al., 2014
Ots_Ostm1 Hess et al., 2014
Ots_OTALDBINT1-SNP1 Hess et al., 2014
Ots_OTNAML12_1-SNP1 Hess et al., 2014
Ots_Ots311-101x Hess et al., 2014
Ots_OTSBMP-2-SNP1 Hess et al., 2014
Ots_OTSMTA-SNP1 Hess et al., 2014
Ots_OTSTF1-SNP1 Hess et al., 2014
Ots_P450 Hess et al., 2014
Ots_P450-288 Hess et al., 2014
Ots_P53 Hess et al., 2014
Ots_parp3-286 Hess et al., 2014
Ots_PEMT Hess et al., 2014
Ots_pigh-105 Hess et al., 2014
Ots_pop5-96 Hess et al., 2014
Ots_ppie-245 Hess et al., 2014
Ots_Prl2 Hess et al., 2014
Ots_RAD1104-38 Hess et al., 2014
Ots_RAD1832-39 Hess et al., 2014
Ots_RAD3513-49 Hess et al., 2014
Ots_RAD7936-50 Hess et al., 2014
Ots_RAD9480-51 Hess et al., 2014
Ots_RAS1 Hess et al., 2014
Ots_redd1-187 Hess et al., 2014
Ots_RFC2 Hess et al., 2014
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Ots_SClkF2 Hess et al., 2014
Ots_SERPC1-209 Hess et al., 2014
Ots_SL Hess et al., 2014
Ots_slc7a2-71 Hess et al., 2014
Ots_stk6-516 Hess et al., 2014
Ots_TAPBP Hess et al., 2014
Ots_TCTA-58 Hess et al., 2014
Ots_TGFB Hess et al., 2014
Ots_Thio Hess et al., 2014
Ots_TLR3 Hess et al., 2014
Ots_TNF Hess et al., 2014
Ots_Tnsf Hess et al., 2014
Ots_tpx2-125 Hess et al., 2014
Ots_trnau1ap-86 Hess et al., 2014
Ots_txnip-321 Hess et al., 2014
Ots_u07-07.161 Hess et al., 2014
Ots_u07-17.135 Hess et al., 2014
Ots_u07-17.373 Hess et al., 2014
Ots_u07-18.378 Hess et al., 2014
Ots_u07-19.260 Hess et al., 2014
Ots_u07-20.332 Hess et al., 2014
Ots_u07-25.325 Hess et al., 2014
Ots_u07-49.290 Hess et al., 2014
Ots_u07-53.133 Hess et al., 2014
Ots_u07-57.120 Hess et al., 2014
Ots_u07-64.221 Hess et al., 2014
Ots_u1002-75 Hess et al., 2014
Ots_u1004-117 Hess et al., 2014
Ots_u1006-171 Hess et al., 2014
Ots_u1007-124 Hess et al., 2014
Ots_u1008-108 Hess et al., 2014
Ots_U211 Hess et al., 2014
Ots_U2362-227 Hess et al., 2014
Ots_U2362-330 Hess et al., 2014
Ots_U2446-123 Hess et al., 2014
Ots_U2567-104 Hess et al., 2014
Ots_U5049-250 Hess et al., 2014
Ots_U5121-34 Hess et al., 2014
Ots_UNKN4-150 Hess et al., 2014
Ots_UNKN6-187 Hess et al., 2014
Ots_USMG5-67 Hess et al., 2014
Ots_vatf-251 Hess et al., 2014
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Ots_zn593-346 Hess et al., 2014
Ots_zP3b Hess et al., 2014
Ots_ZR-575 Hess et al., 2014
PGK-54 Hess et al., 2014
RAG3 Hess et al., 2014
S7-1 Hess et al., 2014
unkn526 Hess et al., 2014
Omm1080 Seeb et al., 2007; Moran et al., 2013
Ots201b Seeb et al., 2007; Moran et al., 2013
Ots213 Seeb et al., 2007; Moran et al., 2013
Ots9 Seeb et al., 2007; Moran et al., 2013
Ssa408uos Seeb et al., 2007; Moran et al., 2013
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