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230  frequencies in the case of GWFP (ranging from 0 to 1), and marker dosage (0, 1 and 2)
231 for GEBV.
232 After fitting the model described above for each trait, the GEBV and GWFP of

233 family/individual j (g;) were obtained using the following expression:

D
234 Where i is the allele frequency/marker dosage of the i-th marker on
235  family/individual j, and p is the total number of markers, and ™ , is the estimated effect

236  of i-th SNP,

237  Creating Training/Validation Sets Using Contrasting Phenotypes

238 Phenotypic values for each trait in both populations were sorted and divided into
239  three classes: the smallest 10%, the largest 10%, and values between both extremes. Five
240  validation sets were created for each trait using these phenotypic classes: a) Low: 10%
241  families with the lowest phenotypic values; b) High: 10% families having the highest
242  values; ¢) Low+High: combining four families from Low and three families from High;
243 d) Middle: seven families showing phenotypes around the population mean, e)
244  Combined: two families from Low, two families from High, and three families from
245  Middle. For the populations Low+High (c), Middle (d), and Combined (e), three
246  replicates were created by taking random samples from each phenotypic class. The other
247 56 families were used as training sets to build prediction models.

248  Split-Families as Training/Validation Sets

249 All families with more than ten individuals (59 in total) were randomly split into

250  two equivalent size groups. One group of individuals phenotypic and genotypic data were
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251  pooled at the family level and used as the training set (TST) for GWFP models. The other
252 group of individuals was used as the validation population (VST) based on two
253  approaches: i) predicting the performance of individuals trees not included in the TST
254  (GWFP_Fam_Ind), and ii) pooling individuals at the family level to predict performance
255  of families composed of individuals not included in the TST (GWFP_Fam_Fam).

256  Prediction in the Following Generation in CCLONES_sim

257 The GP models were developed by using the G2 CCLONES_sim population as
258 the TST. These training models were used and validated in the G3 generation using
259 individuals (GEBV) and family pools (GWFP), and models were assessed by calculating
260  predicted ability and prediction accuracy. Predicted ability was estimated by calculating a
261  Pearson’s correlation between the phenotypic values and the estimated breeding values,
262  and prediction accuracy was estimated by calculating a Pearson’s correlation between the
263  real breeding value and the estimated breeding value.

264  Model Validation and Predictive Ability

265 Prediction models for GEBV and GWFP were validated using 10-fold cross-
266  validation and leave-one-out (LOO) approaches. For the 10-fold CV, data was randomly
267  partitioned into ten subsets, and TST populations were created with 90% of the
268  families/individuals, while the remaining 10% of families/individuals were used as VST.
269  This scheme was repeated until the ten subsets were used as VST. In the LOO approach,
270  models were constructed using Nt -1 families (where Nt = is the total number of families)
271 in the TST. The validation set was the single family not included in the training group.

272  This scheme was repeated Nt times until all 63 families were used as the TST.
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273 Each time the models were fitted using a different VST, the model’s predictive
274  ability was estimated calculating a Pearson’s correlation between the observed/simulated
275  phenotypes and the GWFP/GEBV estimates for the families/individuals included in the
276  VST.

277  Data Availability

278 All phenotypic and genotypic data utilized in this study have been previously
279  published as a standard data set for development of genomic prediction methods
280  (Resende et al. 2012; de Almeida Filho et al., 2016). Simulated data available from the

281  Dryad Digital Repository: http://dx.doi.org/10.5061/dry- ad.3126v.
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282  Results

283  Number of Individuals per Family

284 The minimum number of individuals per family was calculated assessing allele
285  frequency and phenotypic mean deviations using families with at least 15 individuals. For
286  genotypic and phenotypic data, the lowest number of individuals needed to accurately
287  estimate allele frequency and family means was six (Figure 1). Allele frequency
288  deviations (Figure 1 A-D) and mean phenotypic deviations (Figure 1 E-F) indicated that
289  families with less than six individuals were not providing accurate estimates of the
290 family’s genotypic and phenotypic means in both populations. We assumed that the
291  observed values based on 15 individuals per family provides with a reasonable estimation
292  of allele frequency and phenotypic mean for a diploid species. Therefore, all 63 families
293  with six or more individuals were used for further analyses in this study. Both
294 populations showed similar trends for the genotypic and phenotypic estimates (Figure 1).
295  The average allele frequency deviations were lower for SNPs exhibiting a 1:1 ratio in
296  both populations (Figure 1 A and C), compared to SNPs segregating into a 1:2:1 ratio
297  (Figure 1 B and D). For phenotypic data, CCLONES sim showed slightly smaller
298  deviations, especially for a lower number of individuals (Figure 1 F), compared to
299 CCLONES real for the trait diameter (Figure 1 E). Other traits in CCLONES real
300 exhibited a similar behavior (data not shown).

301  Statistical Method and Cross-Validation

302 Two Bayesian statistical methods (Bayes B and Bayes RR) and two cross-
303 validation approaches were used to test the predictive ability of GWFP in four traits

304 measured in CCLONES real (Figure 2). Both statistical methods yielded high and similar
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305  predictive abilities for the four traits (Figure 2 A and B). However, standard errors for
306  predictive ability were larger with the LOO approach (Figure 2 A and B). Additionally,
307 GWEFP predictive abilities obtained with the LOO approach were slightly lower than for
308 the 10-fold cross-validation scheme (except for trait Stiffness) (Figure 2 A and B).
309  Therefore, the 10-fold cross validation approach was selected to perform further analyses.
310 Predictive Ability of GWFP Using Training/Validation Sets with Contrasting
311  Phenotypes

312 The effect of phenotypic data in the predictive ability of GWFP was explored by
313 creating five VST’s using contrasting sets of phenotypic data between TST and VST
314  (Figure 3 A). The predictive ability for GWFP for all traits were least accurate and had
315 larger standard errors when the VST was composed of families exhibiting small and large
316  phenotypic values (bottom and top classes) (Figure 3 B). When VST’s were composed of
317  families exhibiting phenotypes corresponding to the middle class, predictive ability
318 increased for all traits, but standard errors were still large (Figure 3 B). As expected, there
319 was an increase in predictive ability and a large reduction in standard errors when VST’s
320 were composed of families showing similar phenotypic mean and variance to the TST,
321  corresponding to the classes "Low+High" and "Combined" (Figure 3 B).

322  Predictive Ability of GEBV and GWFP

323 Predictive ability obtained with Bayes B using different methods and schemes
324 (Table 1) is presented in Figure 3 for the 63 families from both populations. The
325 traditional GP approach with individuals in the TST and VST (GEBV) was contrasted
326  with predictive ability obtained with the family-based (GWFP) method following a 10-

327  fold cross validation scheme. The scenarios GWFP_Fam_Ind and GWFP_Fam_Fam
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328  were run only once because CCLONES (real and simulated) had a limited number of
329 individuals per family (Figure 4).

330 Predictive ability was always greater for GWFP methods in both populations and
331  all traits, except for the scenario GWFP_Fam_Ind that showed similar or lower accuracy
332 than GEBV for most traits (Figure 4). Additionally, predictive ability was greater for
333 traits with higher heritability (Figure 4). Specifically, GWFP provided predictive abilities
334  at least 40% greater than traditional GEBV for most of the traits in both populations.
335 Moreover, GWFP_Fam_Fam exhibited similar or greater predictive ability than GWFP
336  for most traits in both populations, except for rust (Figure 4). Both sets of traits from the
337 simulated CCLONES population exhibited very similar accuracies for all schemes
338  (Figure 4).

339  Predictive Ability and accuracy of GEBV and GWFP in the Following Generation
340 Accuracy and predictive ability of GEBV and GWFP were obtained with the
341  prediction models built with the CCLONES_sim (G2) population as the TST, and models
342  were validated in the following generation (G3). The GEBV showed higher accuracy
343  than GWFP for the oligogenic trait, and similar accuracy for the polygenic trait (Figure
344 5). Predictive ability for the oligogenic and polygenic traits were higher for GWFP
345  (Figure 5). Additionally, greater predictive ability and accuracy were observed for the
346  oligogenic trait, and the difference between accuracy and predictive ability was greater
347  for the oligogenic trait (Figure 5).

348

349
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350  Discussion

351 We quantified the predictive ability of GWFP in real and simulated loblolly pine
352  Dbreeding populations for different traits and cross-validation approaches. Moderate to low
353  predictive ability values were obtained with the traditional GP approach, as previously
354  reported for both populations, using individual trees as the basic phenotypic and
355  genotypic unit (Resende et al., 2012; de Almeida Filho et al., 2016). In general, GWFP
356  outperformed GEBV in the predictive ability for most traits; including the predictive
357 ability for the oligogenic and polygenic traits in CCLONES_sim when using the
358 following generation (G3) as the VST.

359  Family Size

360 The size and structure of the training population affects the accuracy of GP
361 models (Van Raden et al., 2009; Daetwyler et al., 2010; Habier et al., 2010; Grattaglia
362 and Resende, 2011; Edwards et al., 2019; de Bem Oliveira et al., 2020). In our study, the
363  size of the TP refers to the number of families and the number of individuals within a
364  family. The number of families was fixed and limited to 70 families, so we did not focus
365 on studying the effect of a variable number of families. However, the minimum number
366 of individuals per family to obtain reasonable accurate estimates of family allele
367  frequency and family phenotypic mean was found to be six. When studying the effect of
368 size and composition of training population in blueberry (Vaccinium spp.), De Bem
369  Oliveira et al. (2020) found a high predictive ability using six individuals per family for
370 some traits. Thus, in their study family variance was accurately represented with six
371 individuals per family in this autotetraploid species. Using the estimator of the Ne within

372  a full sib family, given by Ne = [2n/(n+1)] (Resende and Barbosa, 2006), the maximum
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373  (when n goes to infinite) Ne within a full sib family is 2. With n equal to 6 individuals the
374 Neis 1.71, which is 86% of the maximum 2. So, n = 6 appears adequate to represent
375  genetically a full-sib family, corroborating our results.

376 The effect of number of individuals within families on accuracy of GP models
377  was also demonstrated in perennial ryegrass (Pemblenton et al., 2016; 2018). The authors
378  stated that 48 to 60 individuals per population are necessary to accurately represent the
379  genetic diversity within a ryegrass population. As an allogamous species, multiple
380 parents are used to create synthetic populations in perennial ryegrass, hence multiple
381 individuals with a high number of loci in heterozygosis are contributing to the variation
382 in the synthetic population. Perennial ryegrass is commonly bred using families and
383  GWPF has been exploited in the species for various traits (Fe et al., 2015, 2016; Guo et
384 al., 2018; Cericola et al., 2018).

385 Simulation studies with variable numbers of families and individuals per family
386  would help identify the optimum training population sizes for GWFP. Generally, a larger
387 training population (more families in the training population) yield higher accuracy
388  (Voss-Fels et al., 2019; de Bem Oliveira et al., 2020), but this is associated with higher
389  costs. Therefore, the definition of the optimum number of families, and number of
390 individuals per family are a crucial point for the genomic prediction process. Fe et al.
391  (2015) studied the effect of the number of families in the accuracy of genomic prediction
392  for heading date in ryegrass; the authors found high accuracies with a low number of
393  families (<100). The authors showed that increasing the number of families to 500 leads
394  to higher accuracy, and more than 500 families did not yield to significant improvement.

395  Statistical Methods and Cross-Validation Scheme
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396 Models considering different Bayesian methods were similar in predicting GEBV
397 in traits measured in the real breeding population and the simulated population in this
398 study. Resende et al. (2012), reported a slightly greater predictive ability in the real
399  population for rust incidence with Bayesian methods over RR-BLUP, because fewer
400 genes with large effects control this trait. De Almeida Filho et al. (2016), using the
401  simulated population, reported a slightly lower predictive ability in the oligogenic trait
402  using Bayes RR than Bayes B. In the present study, Bayes B and Bayes RR were tested to
403  compare their performance in GWFP because prior distributions and assumptions for
404  both methods are contrasting (Perez and de los Campos, 2014). Our results showed that
405  both Bayesian methodologies were very similar in predicting family-pools, even for rust
406 incidence in the real population and for the oligogenic trait in the simulated population.
407 Both cross-validation schemes, LOO and 10-fold, produced similar results in
408  predicting GWFP with a slight advantage for the 10-fold scheme, due to the large
409 variation in the LOO scheme. Resende et al. (2012) reported similar results with the real
410 data set for GEBV, wherein 10-fold and LOO resulted in no significant differences in
411  their predictive ability. Also, similar predictive abilities between the 10-fold and LOO
412  scheme have been reported in wheat (Triticum aestivum L.) (Edwards et al., 2019).

413  Predictive Ability of GWFP Using Contrasting Phenotypes

414 When the families in the VST had phenotypic values outside the range of
415  phenotypes presented in the TST (bottom and top classes), lower and much more variable
416  predictive abilities were obtained. Interestingly, higher predictive abilities were obtained
417  when families in the VST had the same phenotypic range as the TST. The impact of the

418  phenotypic variance on prediction was demonstrated by Edwards et al. (2019), which
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419  reported that the accuracy of genomic prediction in wheat showed higher predictions for
420  crosses (validation set) with higher phenotypic variance. Wiirschum et al. (2017) reported
421  equivalent results in triticale (x Triticosecale Wittmack), in which higher accuracy was
422  detected for the traits of plant height and biomass in cases in which families with a large
423  phenotypic variation were included in the training/validation set population.

424 The differences in predictive ability among the scenarios for phenotypic values in
425  the VST could also be related to the composition of the TST’s. For the extreme scenarios
426  (Low and High), the TST’s did not have the extreme phenotypic values and alleles
427  frequencies, which could have resulted in poor estimations of markers effects. Studying
428  the optimization process for genomic prediction in wheat, Norman et al. (2018) showed
429  that the genomic prediction accuracy could be improved, in cases when TST and VST are
430 not related, by increasing the genetic diversity in the TST.

431  Predictive Ability of GEBV and GWFP

432 Predictive ability was always greater for GWFP methods than GEBYV in both the
433  real and simulated populations and for all traits, except when the model was built with
434  family pools, and individual performance was predicted (GWFP_Fam_Ind) (Figure 4).
435  Although the full sib families average explores only half of additive genetic variance, the
436  error variance is mitigated with larger number of observations due progeny replication,
437  when compared with single observations (Hallauer et al. 2010). Then, this higher
438  precision of phenotypic value in family bulks could explain the higher accuracy in
439  genomic prediction of families.

440 The higher accuracy in the GWFP method was expected since the additive genetic

441  variance explored in this method is just 50% of the additive genetic variance compared to

21


https://doi.org/10.1101/2021.03.10.434809
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.03.10.434809; this version posted March 12, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

442  the GEBV, which leads to a higher accuracy and heritability (Casler et al. 2008; Ashraf et
443 al. 2014). Besides, relatedness between the TST and the VST also influence the
444  predictive ability. The relationship between the TST and VST has a crucial role in the
445  model predictive ability (Lorenz & Smith 2015; de Bem Oliveira et al., 2020), it can help
446  explain the higher predictive ability found in the GWFP_Fam_Fam and GWFP,
447  compared to the GEBV and GWFP_Fam_Ind.

448 Nevertheless, the predictive ability for most traits obtained with GWFP_Fam_Ind
449  scheme was of the same order of magnitude compared to GEBV, except for the traits
450  stiffness and rust. Therefore, using the numbers from this study as example, considering
451  the significant reduction in costs incurred in DNA extraction and genotyping 56 families
452  (TST for GWFP), instead of 844 individuals (TST for GEBV), the approach
453  GWFP_Fam_Ind could still be an affordable option for implementing GP in breeding
454  programs that select individual plants, but have limited budgets to phenotype and
455  genotype all individuals in the training set.

456 Reduced investments to implementation of genomic prediction with higher
457  predictive ability accuracies can be obtained with the GWFP approach compared with
458 GEBV. A larger number of families can be included in the models, which, for the present
459  population, would likely result in higher predictive abilities as reported in perennial
460 ryegrass for heading date (Fe et al., 2015). Additionally, including more than 10
461 individuals per family will reduce the sampling variability of the allele frequency and
462  phenotypic mean, resulting in higher genomic accuracies (de Bem Oliveira et al. 2020).

463  Application of GWFP in a breeding program
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464 Breeding cycles can take several years in perennial crops, and phenotyping costs
465  could be high for critical production and quality traits. Genomic prediction has the power
466  to shorten the time of a breeding process, which leads to a higher genetic gain per unit
467 time, and can allow a reduction in phenotyping process and costs (Grattaglia and
468 Resende, 2011; Crossa et al., 2017; Voss-Fels et al., 2019). Genotyping cost has been
469  decreasing, allowing the extensive use of molecular markers in breeding programs.
470  However, in some cases, breeders need to genotype a large number of individuals
471  (>10,000) to implement GP in their programs, increasing costs significantly (Voss-Fels et
472 al.,, 2019). The high genotyping costs due to large population sizes can make it
473  impracticable to implement GP in minor crops, particularly in public breeding programs.

474 For breeding programs with limited budgets, the GWFP can be an alternative to
475  GEBV due to the reduction in phenotypic and genotypic costs to develop prediction
476  models. GWFP has been used in several forage species that are bred in family bulks and
477  whose phenotyping for critical traits is conducted at the sward/plot level (Fe et al., 2015,
478  2016; Guo et al., 2018; Cericola et al., 2018, Annichiarico et al., 2015; Biazzi et al. 2017,
479  Jiaetal., 2018). In a GEBV approach, the data (phenotypic and genotypic) is collected at
480 the individual level and models are built to estimate the performance of individuals
481  (Figure 6-A) (Resende et al., 2012; de Almeida Filho et al., 2016, 2019). The GEBV
482  requires significant more resources (labor, economic, computational) to collect and
483  analyze data. Under a GWFP approach, the number of genotypic samples (bulked DNA
484 and a single sequencing effort per family) will be the exact number of families,
485  representing a significant reduction in the number of samples compared to the traditional

486 GEBV process (Fig. 6-B). The phenotyping process will also be performed at the
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487  family/plot level, which is the ideal scenario for critical traits in some crops such as
488  forage and turfgrass species.

489 Breeders may also be interested in employing the GWFP_Fam_Ind approach,
490  where family bulks are used as training set, but individuals are the selection unit (Figure
491  6-C). In this study, the GWFP_Fam_Ind approach showed similar accuracy to GEBV for
492  most traits, with the addition of lower needs for phenotypic and genotypic data for the
493  model development. Finally, GWFP models could be exploited in scenarios when
494  remnant seeds might be available for the same family, and the goal would be to predict
495  the performance of the family or individuals within the family. The remaining seeds from
496  the selected families can be used later to test their merits in further replicated field trials.
497  For perennial allogamous crops, families used in the TST set can be used as a new

498  crossing block to start a new selection cycle.
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499  Conclusion

500 Despite the limitation in number of families and number of individuals per family
501 tested in this study, less than six individuals per family produced inaccurate estimates of
502 family phenotypic performance and allele frequency. Validation sets with similar
503  phenotypic mean and variance as the TST set showed greater predictive ability and more
504  accurate predictions consistently across traits. These results revealed great potential for
505 using GWFP in breeding programs that select family bulks as the selection unit, GWFP is
506  well suited for crops that are routinely genotyped and phenotyped at the plot-level. The
507  GWEFP approach can also be extended to breeding schemes where family bulks can serve

508 as training sets, while individuals are the selection target.
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509 Table 1. Scenarios implemented to design training and validation sets to test predictive
510  ability of genomic prediction models.

Scenario Set
Training Validation
GEBV 830 individuals 93 individuals
GWFP 56 families 7 families
GWFP_Fam_Ind 59 families 422 individuals
GWFP_Fam_Fam 59 families 59 families
GWFP_Low 56 families 7 families with lowest phenotypic values
GWFP_High 56 families 7 families with highest phenotypic values
GWFP_Low_High 56 families 7 families, 4 lowest and 3 highest phenotypic
values
GWFP_Middle 56 families 7 families with values similar to the overall
mean
GWFP_Combined 56 families 7 families (2 Low, 2 High and 3 from Middle
scenarios)

511 GEBV: genomic estimated breeding value.
512  GWEFP: genome-wide family prediction.
513  CV: cross validation.
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Figure 1. Average allele frequency deviation (A-D) and family mean phenotypic
deviation (E-F) in CCLONES real (A, C and E) and CCLONES sim (B, D and F)
calculated by increasing the number of individuals from 1 to 15. Five families exhibiting
genotypic segregation ratios 1:1 (A and B) and 1:2:1 (C and D) for single nucleotide
polymorphisms were included in the analysis. The CCLONES-real phenotypic deviation
is for the trait stem diameter (E).
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521  Figure 2. Average predictive ability using family pools (GWFP) in four traits in the
522  loblolly pine breeding population CCLONES obtained with 10-fold and leave-one-out
523  (LOO) cross validation schemes using Bayes B (A) and Bayes RR (B).
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529  Figure 3. Phenotypic distribution for testing (orange) and validation (white) sets for fours
530 traits measured the CCLONES real population and two traits simulated using
531 CCLONES sim (A). Average predictive ability obtained with Bayes B using genome
532 wide family prediction (GWFP) for four traits in the CCLONES real (lignin, stiffness,
533  rust and diameter), and two traits with different genetic architecture (Oligogenic and
534  Polygenic) in the CCLONES_sim populations (B). Five scenarios were tested by creating
535  training (56 families) and validation (7 families) populations using phenotypic data: i)
536  Low: validation set is composed of 7 families with lowest phenotypic records; ii) High:
537  validation set is composed of 7 families with highest phenotypic records; iii) Middle:
538 validation set is composed of 7 families with phenotypic records similar to the family
539  mean; iv) Combined: 2 families from Low, 2 families from High and 3 families from
540 Middle; and v) Low + High: 4 families from Low and 3 families from High.
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542  Figure 4. Average predictive ability obtained with Bayes B for four traits in CCLONES-
543  real (lignin, tree stiffness, rust and stem diameter), and two traits with different genetic
544  architecture (Oligogenic and Polygenic) in the CCLONES_sim populations using
545  different genomic prediction methods. GEBV: genomic estimated breeding values
546  individual trees; GWFP_Fam_Ind: genome-wide family prediction using 59 family pools
547  as training set, while different individuals from the same families were used as validation
548  set; GWFP_Fam_Fam: genome-wide family prediction using 59 family pools as the
549  training and validation population, but different full-sib individuals were pooled in both
550 sets; GWFP: genome-wide family prediction using 63 family pools in a 10-fold cross
551 validation scheme. Narrow-sense heritability (h?) estimated at the individual level
552  (Resende et al., 2012).
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554  Figure 5. Average predictive ability and accuracy obtained with Bayes B for two traits
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556 CCLONES sim_progeny population, obtained with individual (GEVB) and family-
557 pooled (GWFP) genomic prediction methods. Predictive ability calculated as the
558  correlation between estimated breeding and phenotypic values are denoted as _Pheno,
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561  Figure 6. Scheme for the different genomic prediction scenarios: A - GEBV: genomic
562  estimated breeding values for individual trees; B — GWFP_Fam_Fam: genome-wide
563  family prediction for families prediction; C — GWFP_Fam_Ind: genome-wide family
564  prediction applied in the selection of individuals.
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