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224  environments, this correlation is 0.64 (p-value = 0.00024) in KE and 0.73 (p-value = 1.072e-05) in
225 PE.

226

227  Fig. 4: Regression of the absolute increase in predictive ability from univariate GBLUP to maximum
228  bivariate sERRBLUP on the respective SERRBLUP genomic correlation between 2017 and 2018 in KE (left)
229  andin PE (right) for all studied traits. In each panel, the overall linear regression line (gray solid line) with
230  the regression coefficient (b) and R-squared (R?) are shown.

231  The genomic correlations across years estimated with GBLUP and sERRBLUP for the trait PH_V4
232 are illustrated in Table 3, indicating that the proportion of interactions in bivariate SERRBLUP
233 which maximized the predictive ability are not necessarily linked to the highest genomic
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234 correlation. In contrast, the best sERRBLUP for trait PH_V4 is linked to the lowest genomic
235  correlation in most cases. However, this is not the general pattern observed for series of other
236  traits and the best sERRBLUP for some traits and environments combinations are linked to the
237  highest genomic correlation (Table S3-S9 in supplementary).

238  Table 3: Genomic correlation between 2017 and 2018 in each environment for trait PH_V4 for KE (blue
239  numbers) and PE (red numbers). The blue and red bold numbers with stars indicate which proportion
240  of interactions in bivariate SERRBLUP maximized the predictive ability in each environment for KE and PE,
241 respectively.

242
Bivariate Models EIN ROG GOL TOM
GBLUP 0.945 / 0.898 0.940/0.658 0.942 / 0.969 0.954 /0.923
SERRBLUP top 10% 0.955/0.859* 0.869* /0.615* 0.835/0.895 0.929/0.816*
SERRBLUP top 5% 0.958 / 0.868 0.850/ 0.631 0.797 / 0.888 0.912 /0.826
SERRBLUP top 1% 0.949* / 0.895 0.848 / 0.820 0.796* /0.905* 0.918 /0.863
SERRBLUP top 0.1% 0.962 / 0.966 0.917 /0.922 0.884 /0.948 0.929 /0.959
SERRBLUP top 0.01% 0.963 / 0.980 0.951 / 0.985 0.911/0.983 0.919* / 0.987
SERRBLUP top 0.001% 0.997 /0.976 0.963/0.970 0.908 / 0.973 0.933 /0.968
243

244  In this regard, the absolute increase in predictive ability from bivariate GBLUP to maximum
245  bivariate sSERRBLUP was regressed on the difference between genetic correlations estimated with
246  GBLUP and maximum sERRBLUP, respectively, across all traits in both landraces. Fig. 5 shows a
247  significant correlation of 0.42 (p-value = 0.0255) in KE and 0.74 (p-value = 6.458e-06) in PE
248  between the absolute gain in the respective predictive ability and the difference in the
249  corresponding genetic correlations.
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251 Fig. 5: Regression of the absolute increase in predictive ability from bivariate GBLUP to maximum bivariate
252 SERRBLUP on the difference between the GBLUP genomic correlation and maximum sERRBLUP genomic
253  correlation between 2017 and 2018 in KE (left) and in PE (right) for all studied traits. In each panel, the
254  overall linear regression line with the regression coefficient (b) and R-squared (R?) are shown. The colors
255 green, light blue, pink, red, orange, purple, yellow and dark blue represent the phenotypic traits EV_V3,
256 EV_V4, EV_V6, PH_V4, PH_V6, PH_final, FF and RL, respectively.

257  There might be some tendency that including phenotypes of the previous year into prediction
258 becomes more efficient when the phenotypic correlation between years is high. In this context,
259 the correlation between the absolute gain in predictive ability from univariate GBLUP to
260  maximum bivariate SERRBLUP and the phenotypic correlation among the years (see Table S2)
261  over all studied traits in all four environments and in both landraces was studied. Fig. 6
262  demonstrates that the maximum correlation between the absolute gain in the respective
263  predictive ability and the phenotypic correlation is obtained in EIN for KE (0.69) and in TOM for
264  PE (0.72). Across all studied traits and environments, there is a significant correlation of 0.59 in
265  KE (p-value= 0.001) and 0.47 in PE (p-value=0.01).
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Fig. 6: Regression of the absolute increase in predictive ability from univariate GBLUP to maximum
bivariate sERRBLUP on the phenotypic correlation between 2017 and 2018 in KE (left) and in PE (right) for
all studied traits. In each panel, the overall linear regression line (gray solid line) with the regression
coefficient (b) and R-squared (R?) are shown.

Overall, the percentage of relative increase in prediction accuracy from the bivariate GBLUP to
the maximum bivariate sSERRBLUP in both landraces reveals more increase in prediction accuracy
for KE than PE with the average increase of 7.61 percent in KE and 3.47 percent in PE over all
studied traits (see Fig. 7). Among all traits, the maximum increase in prediction accuracy for KE is
22.63 percent which was obtained in EV_V6 in EIN, and for PE is 34.59 percent which was
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276  obtained in EV_V4 in EIN. However, Fig. 7 shows some slight decreases in prediction accuracy
277  from bivariate GBLUP to maximum bivariate sERRBLUP for some combinations of traits and
278  environment in both landraces. This is more often observed in PE than KE, where the maximum
279  decrease was found in EV_V6 in TOM for both PE (-3.198 percent) and KE (-2.795 percent).
280  Overall, the average relative increase from bivariate GBLUP to maximum bivariate sERRBLUP was
281  over 3 percent in most cases. The absolute increase in prediction accuracy is also illustrated in
282  the supplementary (Fig. S8) indicating the average increase of 0.046 in KE and 0.015 in PE over
283  all combinations of traits and environments.
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285 Fig. 7: Percentage of change in prediction accuracy from bivariate GBLUP to the maximum prediction
286  accuracy of bivariate sERRBLUP in KE (left side plot) and in PE (right side plot). The average percentage of
287  change in prediction accuracy for each trait and environment is displayed in all rows and columns,
288  respectively.

289  Finally, a comparison between the absolute increase in prediction accuracy from bivariate GBLUP
290 to maximum bivariate SERRBLUP in PE versus KE shows a higher increase in KE compared to PE
291  with a regression coefficient 0.25 (see Fig. 8). This indicates some consistency of the observed
292  trends across landraces. This was also confirmed with paired t-test indicating that the mean
293  increase in prediction accuracy for KE is significantly higher than in PE (p-value= 3.921e-05).
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295 Fig. 8: Absolute change in prediction accuracy from bivariate GBLUP to the maximum prediction accuracy
296 of bivariate sERRBLUP in PE vs. KE. The black line represents the overall linear regression line.

297 Discussion

298 In this study, bivariate ERRBLUP as a full epistasis model incorporating all pairwise SNP
299  interactions provides only a modest increase in predictive ability compared to bivariate GBLUP.
300 This was expected, since ERRBLUP incorporates a high number of interactions by which a large
301 number of unimportant variables are introduced into the model (Martini et al. 2016), thus
302 introducing potential ‘noise’ which can prevent gains in predictive ability. In contrast, bivariate
303  sERRBLUP substantially increases the predictive ability compared to bivariate GBLUP. In fact, the
304 increase in predictive ability from bivariate GBLUP to bivariate sERRBLUP is only caused by
305 inclusion of relevant pairwise SNP interactions. Note that all bivariate models substantially
306 outperformed univariate GBLUP, as phenotypic data of the respective environment in the
307 previous year was used.

308 It was shown that multivariate GBLUP is superior in predictive ability compared to univariate
309 GBLUP under existence of medium (~0.6) or high (~0.9) genomic correlation, and that the low
310 genomic correlation results in no increase in multivariate GBLUP compared to univariate GBLUP
311  (Covarrubias-Pazaran et al. 2018). Calus et al. (2011) also found an increase of 3 to 14 percent in
312  predictive ability of multi-trait SNP-based models in a simulation study when genetic correlations
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313  ranged from 0.25 to 0.75. In our study, we also found a significant correlation between the
314  absolute gain in prediction accuracy from univariate GBLUP to maximum bivariate sERRBLUP and
315 the respective genomic correlation in both KE (r = 0.64) and PE (r = 0.73) across all traits and
316  environments combinations.

317 Moreover, Martini et al. (2016) showed that the predictive ability in one environment can be
318 increased by variable selection in the other environment under the assumption of positive
319 phenotypic correlation between environments. It was shown in a wheat dataset (Pérez and de
320 los Campos 2014), where environments 2 and 3 had the highest phenotypic correlation (0.661),
321 that the predictive ability for phenotype prediction in environment 2 was maximized by variable
322  selection in environment 3 and vice versa (Martini et al. 2016). Therefore, the increase in
323  prediction accuracy is expected to be influenced by the phenotypic correlations between the
324  environments or between the years in the same environment in bivariate models. In our study,
325 although 2017 and 2018 were climatically quite different, since 2018 suffered from a major heat
326  stress compared to 2017 (Table 1), we see a significant correlation between the absolute gain in
327  predictive ability from univariate GBLUP to maximum predictive ability of bivariate SERRBLUP and
328 the phenotypic correlation between years in each environment for both KE (r = 0.59) and PE
329 (r=0.47).

330 In addition to the genomic and phenotypic correlations between the years, the trait heritability
331 is another factor which is expected to be influential for such an increase in bivariate sSERRBLUP
332  predictive ability as well. Therefore, the traits with lower heritability are expected to obtain less
333  gain in sERRBLUP predictive ability than the traits with higher heritability. In our study, the
334  correlation between the absolute gain in prediction accuracy from univariate GBLUP to maximum
335  bivariate sSERRBLUP and a trait’s heritability over all studied material was considerable in both KE
336 (r = 0.35) and PE (r = 0.45) (Fig. S9 in the supplementary). Based on the obtained results, the
337  traits with low heritability (e.g. 0.59 for RL in PE) showed only a small increase in prediction
338  accuracy. However, not all traits with higher heritabilities did necessarily show a higher gain in
339  predictive ability for all traits. Overall, this association between the absolute gain in predictive
340  ability and the trait heritabilities were close to significant in KE (p-value=0.07) and highly
341  significant in PE (p-value=0.02). It should be noted that the trait heritabilities were calculated on
342  an entry-mean basis within each KE and PE landraces (Hallauer et al. 2010) over all eight
343  environmentsin both years 2017 and 2018 jointly. The trait heritabilities obtained only from 2017
344  are significantly higher than the trait heritabilities obtained only from 2018 in both KE and PE
345 based on a paired t-test (Table S11 in the supplementary). This also results in an increase in
346  predictive ability from univariate GBLUP to maximum bivariate sERRBLUP in KE and PE, since
347  multi-trait models have the potential of increasing the predictive ability when traits with low
348 heritability are joined with traits with higher heritability, given they are genomically correlated
349 (Thompson and Meyer 1986).
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350 It should be noted that the increase in predictive ability from univariate GBLUP to maximum
351  bivariate sERRBLUP is caused by both borrowing information across years and capitalizing on
352  epistasis, while the increase in predictive ability from bivariate GBLUP to maximum bivariate
353  sERRBLUP is caused by accounting for epistasis alone. Overall, the traits behave differently
354 among different environments and landraces due to their genomic correlations, phenotypic
355  correlations and heritabilities. To shed light on this, the maximum increase in prediction accuracy
356  from bivariate GBLUP to bivariate sERRBLUP in KE was observed for the trait EV_V6 (0.112) in EIN
357 where the corresponding sERRBLUP genomic correlation (0.809) is higher than the GBLUP
358 genomic correlation (0.768). This trait has a high heritability (0.90) and high phenotypic
359  correlation (0.551) as well. In contrast, the respective prediction accuracy decreases (-0.018) for
360 EV_V6 in TOM for KE indicating the lower sERRBLUP genomic correlation (0.458) than GBLUP
361  genomic correlation (0.703) and the particularly low phenotypic correlation (0.383). It should be
362 noted that the phenotypic correlation does not play a major role for the increase in prediction
363  accuracy from bivariate GBLUP to bivariate sERRBLUP, since both models are bivariate and
364  benefit from the same phenotypic correlations. Therefore, EV_V6 obtaining the maximum and
365 minimum increase in the respective prediction accuracy for KE indicates the significant role of
366 genomic correlation among the possible causes. In general, bivariate sSERRBLUP improves the
367  prediction accuracy compared to bivariate GBLUP more in KE than PE which is potentially due to
368  significantly higher sERRBLUP genomic correlation and heritability in KE compared to PE, based
369  on paired t-test.

370  In our study, 5-fold cross validation with 5 replicates was utilized to evaluate our bivariate
371  genomic prediction models. Different split of cross validation such as 10-fold cross validation did
372  not make a considerable difference in our bivariate models’ predictive abilities (Fig. S10 in the
373  supplementary). The maximum increase in bivariate models’ predictive abilities when utilizing
374  10-fold cross validation with 10 replicates compared to utilizing 5-fold cross validation with 5
375 replicates was 0.018 in KE and 0.006 in PE for trait PH_V4. Overall, our cross validation scenario
376  is not expected to bias the predictive abilities obtained from our bivariate models for reasons as
377  outlined by Runcie and Cheng (2019), who observed a bias when the test set of the target trait is
378  predicted from the full dataset of the second trait in multi-trait model. In our study, utilizing the
379  full dataset of the target trait in one environment from 2017 to predict the same biological trait
380 in the respective environment in 2018 should not lead to such a bias in predictive ability, since
381 theindividuals do not share the same source of non-genetic variation and they have been grown
382 in two different years which have been climatically very different from each other.

383  Overall, our results indicate that incorporating a suitable subset of epistatic interactions besides
384  utilizing information across years can substantially increase the predictive ability. The amount of
385 thisincrease is affected by the genomic and phenotypic correlations between the years and the
386 heritability of the phenotypic trait. Therefore, this approach is potentially beneficial for genomic
387  prediction of phenotypes under the assumption of sufficient genomic and phenotypic correlation
388  between years for highly heritable traits. This may allow to reduce the number of lines which
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389  have to be phenotyped over several years and thus reduce phenotyping costs which and thus be
390 of high interest in practical plant breeding.

391
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