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Abstract

:

Wild lowbush blueberry fields are characterized by high genetic diversity, with a large number of genotypes coexisting in every field. Yield also varies among genotypes, which could be related to the variation in physiological and structural traits, but this has not been rigorously tested. In this study, we aimed to quantify the inter-genotype variation in yield, as well as leaf and stem functional traits, and to establish the relationship between functional traits and yield-related traits in wild blueberries. To do so, we carried out a study during the 2019 harvest season measuring structural and functional traits including stem number, stem length, stem diameter, leaf chlorophyll concentration, leaf mass area, leaf area per stem, leaf number per stem, number of branches per stem, leaf temperature, soil temperature, and soil water content and yield data including yield, berry size (weight of 100 berries), number of berries per stem, and length of berry cluster from two wild blueberry farms. We found high variations in structural, functional, and yield-related traits among genotypes, but not between two fields. We also found negative associations of the leaf mass per unit area and midday leaf temperature with the yield, whereas the leaf chlorophyll concentration was positively associated with the yield. Additionally, we found a quadratic relationship between yield-related traits (weight of 100 berries, number of berries per stem, and length of berry cluster) and stem length, with the optimum stem length for yield at 25 cm. Our results suggest that several leaf and stem functional traits are related with yield-related traits; thereby, those traits can be used to predict wild blueberry yields. Our findings could help growers and breeders select better-yielding genotypes based on structural and functional traits.






Keywords:


Vaccinium angustifolium; clones; heterogeneity; production; leaf mass area; leaf chlorophyll concentration; stem height; stem diameter; leaf temperature; soil temperature; soil water content












1. Introduction


Wild blueberry (Vaccinium angustifolium Aiton) is an important crop of Maine, USA, Quebec, and maritime Canada. It mostly reproduces by obligate cross-pollination [1]. Each seed gives rise to a genetically unique plant, which expands horizontally in the field via the vegetative (clonal) growth of rhizomes and forms a patch of connected aboveground stems [2]. A patch of stems with identical genetic information is called a genotype or clone with a different genetic make-up than other wild blueberry genotypes [3]. Among genotypes, there are significant differences in morphology, structural and functional traits, physiological performance, and yield [4,5,6]. Crop yield is regulated by several genes named quantitative trait loci and is also influenced by external environmental factors [7]. Yield is also indirectly determined by several morphological and physiological traits [7]. An optimal plant architecture is beneficial for higher yields [8]. In wild blueberries, the high intergenotype variations in structural and physiological traits can indirectly impact the overall yield of wild blueberries, but the associations have not been established.



The yield of crops is strongly associated with and dependent on plant growth and development. Plant architecture, leaf structure, and vascular architecture are major developmental features of plants [9]. Plant functional traits can directly reflect the physiological performance of a plant and its response to environmental change and stress [10]. Many studies have shown that leaf features and plant architectural traits can predict plant growth and performance as the quantity of light interception, photosynthetic capacity, and the source energy of plants are determined by several functional traits [9,11]. Also, the mobilization of photosynthates from source to sink, which is related to vascular architecture, is crucial for the efficient partitioning of photo-assimilated carbon [9]. Thus, these features can be considered the parts of a developmental module that dictates crop performance and yield; the optimization of these developmental features is essential for the efficient performance of crop plants. Genotypes of wild blueberries with a greater vegetative biomass, which is represented by several structural traits, i.e., stem height and number of leaves, can produce more flowers, which ultimately results in higher fruit biomass [12]. Plant stem height and diameter are closely related to biomass production and are important morphological traits affecting yield performance [10]. Plants with a higher stem height and larger diameter stems normally have larger diameter vessels, leading to a higher hydraulic conductance [13]. A higher hydraulic conductance facilitates higher stomatal conductance, leading to more photosynthetic carbon gain [14]. Another critical factor in hydraulic conductance is leaf vein density [15]. High leaf vein density leads to higher photosynthetic and growth rates by providing a faster water supply [16]. However, with increasing height, the risk of xylem cavitation also increases, leading to more vulnerability to drought compared to shorter plants [17,18]. Wild blueberry plants with a higher stem height might also be more prone to winter wind damage and could result in reduced yield. That is why an optimal architecture is required to achieve a high yield [8], and an understanding of the optimal architecture for the wild blueberry crop could aid in the selection process of cultivar development.



Physiological traits of crops determine the health of plants and correlate with yield. Crop yield can be increased by (i) increased photosynthesis per unit land area, which can be achieved by effective agronomic practices such as irrigation, fertilization, and pollination and (ii) the increased partitioning of crop biomass to the harvested product, which can be achieved by plant breeding [19]. Leaf chlorophyll concentration (LCC) is a good indicator of leaf photosynthetic capacity and is positively correlated with yield [20]. In wheat, researchers have found positive correlations of yield with the rate of CO₂ fixation, LCC, and stomatal conductance and a negative correlation with the loss of chlorophyll [21]. Understanding the effects of LCC on wild blueberry yield can explain the soil nutrient availability in a field and the uptake of nutrients because LCC production in leaves depends on the nitrogen and moisture availability in the soil [22]. Understanding the relationships between LCC and yield can also help facilitate the selection of high-yielding genotypes. Plant canopy temperature is related to stomatal conductance and water stress [21]. A negative correlation between yield and canopy temperature was found in wheat [21]. Canopy temperature can be used to assess the health condition status of a plant and allow an assessment of the current on-farm water use efficiency and the development of mitigation strategies.



Plant breeding can increase crop yield by achieving a high-rate partitioning of crop biomass to the harvested product [19]. However, the breeding of wild blueberry is complicated due to the characteristics of heterozygosity, ploidy, complex heritability of QTLs, and long timeframe for establishing mature fruit-bearing progeny [4]. Hall (1983) noted improvements in wild blueberry cultivars in terms of size and yield resulting from a plant breeding program [23]. Researchers also found heritable genetic components linked to wild blueberry yield [24]. Griffing (1956) also demonstrated evidence of phenotypic selections that resulted in genetically advanced inbred lines [25]. The overall productivity of blueberry fields can be improved by increasing blueberry cover in between inter-genotype empty spaces in existing fields and replacing the less productive genotypes with high-yielding genotypes [26]. Understanding the direction and strength of the relationships between yield-related traits and functional traits is very important to improve the efficiency of genetic selection in plant breeding programs [27]. Studies have already quantified associations between yield-related traits and functional traits in different crops [20,27,28,29], but these associations have not been quantified in the wild blueberry.



To do so, the objectives of this research were to (1) quantify the variation of major leaf and stem functional traits and yield-related traits among selected genotypes and between fields of wild blueberries, and (2) establish relationships between plant functional traits and yield-related traits in wild blueberries. This study will help to clarify the magnitudes and directions of correlations among functional traits and yield-related traits in wild blueberries. This can also be helpful for both growers and breeders in selecting better yielding genotypes based on structural and functional traits.




2. Materials and Methods


2.1. Study Sites and Plant Materials


The study sites were located in Washington County in the Downeast coastal region of Maine, USA. One site was located at the University of Maine Blueberry Hill Farm (BBHF) in Jonesboro (Latitude: 67°38′53″ W, Longitude: 44°38′44″ N), Maine, USA, and another site was located at Jasper Wyman & Son (Wyman’s) blueberry farm (Latitude: 67°59′58″ W, Longitude: 44°44′07″ N) in Deblois, ME, USA. Soils at both sites were well-drained acidic sandy loam with 0–3% slope. The Downeast coastal region of Maine has a temperate climate with an average low of −10.6 °C and a high of 24.2 °C, and a monthly average precipitation low of 85.1 mm and high of 136.4 mm. Wild blueberries are managed on a two-year cycle; in prune years, plants are pruned and grow vegetatively, and in harvest years, the plants flower and produce a fruit crop. The study was conducted in 2019, which was a crop or harvest year for both fields. Wild blueberry fields contain numerous diverse genotypes [30]; 30 genotypes were selected from BBHF, and 15 genotypes were selected from Wyman’s based on their morphological and phenological differences to include a high variety of genotypes. Different genotypes could be easily identified visually based on morphological and phenological differences including leaf color, stem color, berry density, berry color (Figure 1), as well as phenology.



2.1.1. Leaf and Stem Structural Traits


Six wild blueberry shoots were arbitrarily selected from each randomly selected genotype of the BBHF and Wyman’s fields in August 2019 during the harvest season. Structural traits including stem length and diameter, leaf number, as well as total leaf area and dry leaf biomass in a stem were measured. A caliper was used to measure stem length (from the soil line) and diameter. Leaf area was determined using an LI-3000A area meter (Li-Cor, Lincoln, NE, USA), after which leaves were oven-dried at 70 °C to constant mass and weighed. Leaf mass per area (LMA) was determined as leaf dry mass divided by leaf area (g/m2).




2.1.2. Leaf Chlorophyll Concentrations


Six wild blueberry stems were arbitrarily selected from each genotype to measure leaf chlorophyll concentration (LCC). Chlorophyll concentration per unit leaf area was measured in the field with a SPAD Chlorophyll Meter (SPAD 502; Minolta Corp., Osaka, Japan) on samples from the Wyman’s Farm and with an atLEAF Digital Chlorophyll Meter (FT Green LLC, Wilmington, DE, USA) on samples from BBHF. Both the SPAD and atLeaf data were converted to values for LCC (µg/cm2) by the formula relating SPAD/atLEAF values and laboratory-measured chlorophyll values using chemical extraction methods [31].




2.1.3. Leaf Temperature, Soil Temperature, and Soil Water Content


Leaf temperature (LeafT) was measured in the field by using a Fluke 62 Max+ handheld infrared thermometer (Fluke Corporation, Everett, WA, USA) on four arbitrarily selected leaves from each genotype. Soil temperature (SoilT) and soil water content (SWC) were measured in the field by a Fieldscout TDR 150 Soil Moisture Meter (Spectrum Technologies Inc., Aurora, IL, USA) from four random places within the boundaries of each genotype. These measurements were taken during midday (12:00 to 14:00) on 4 August 2019, a sunny day, and the leaves were exposed to direct sunlight. The measurements were carried out under similar conditions for all genotypes. These measurements were only taken at Wyman’s Farm due to limited resources and the time taken to measure each genotype.




2.1.4. Yield and Yield-Related Traits


Yield and yield-related traits were quantified by establishing a 0.3 by 0.3-m quadrat within each genotype (Table 1). A hand rake was used to collect the fruit sample within each quadrat and then weighed on a portable balance in the field to obtain the total fruit yield (g) per quadrat. The weight (g) of 100 berries (WT) from each quadrat was also quantified as a measure of berry size. The length of berry cluster (LBC) in stem (cm) and the number of berries per stem (NBS) were quantified in the field by selecting six stems in the quadrat. All measurements were conducted at both research sites.





2.2. Calculation for Estimating Optimal Sample Size of Genotypes to Estimate Yield


Using estimates of variance from the genotype yield data collected in the two fields and two levels of precision (SE/mean ratios of 0.10 and 0.25), the optimal sample size of genotypes for estimating yield was calculated using the formula developed by Cochran (1977) [32]:


N = (t(0.05) × S2/(m2 × P2)








where N = optimal sample size for a given level of precision; t(0.05) is 1.96 or the t-value for   α   = 0.05 when n approaches ∞; S2 = estimated variance of yield/genotype; m = mean yield/genotype; and P = level of precision defined as the proportion of the standard error/mean.



The use of the t-value in the formula estimates the optimal sample size for a 95% likelihood of obtaining the desired precision in yield for the calculated number of genotypes required.




2.3. Data Analyses


Statistical analyses were conducted using SPSS v23 (IBM Corp., Armonk, NY, USA), JMP v15 (SAS Institute Inc., Cary, NC, USA), and RStudio software (RStudio, PBC, Vienna, Austria). The truncated gaussian kernel density estimation was performed using the ggplot package in RStudio. To determine trait differences between the two fields and genotypes within fields, we used a hierarchical nested mixed model with the field as the fixed effect and the genotype nested within the field as the random effect (α = 0.05). Harrison et al. [33] suggested this approach for split-plot designs (genotypes within fields). The statistical software JMP version 15 was used to fit the model with the restricted maximum likelihood. The Pearson correlation analysis was conducted using the corrplot package in RStudio at an alpha (α) level of 0.05 and a 95% confidence interval. The structural and functional traits were averaged within genotypes for a regression analysis using SPSS. We analyzed the relationship between functional traits using linear (in the form of a + bx) or quadratic (in the form a + bx + cx2) regressions according to which best approximated the structure of the relationship. We determined the statistical significance of the relationship using the coefficient of determination and its significance (α) at p < 0.05. With the mean trait values of each genotype, a Principal Component Analysis (PCA) was employed to characterize the variance of structural and functional traits for the two examined fields in RStudio. Multiple linear regression analysis was conducted in RStudio to test the overall contribution of several functional traits (StemL, LMA, and LCC) on the yield for studied fields. We used a generalized linear model with the Gaussian or Normal distribution and the identity linkage function. The model was fit using maximum likelihood.





3. Results


3.1. Estimation of Optimal Sample Size of Genotypes to Estimate Yield


Based upon the average yields in the two fields, we estimated that 31 genotypes should be sampled if it is desired to estimate the yield of a field with a standard error\mean ratio precision of 0.25. If higher precisions are desired, the necessary sample sizes increase geometrically: 196 genotypes for a precision of 0.10 and 784 genotypes for a precision of 0.05. However, if one is willing to sacrifice 95% confidence in estimating yield with a given precision, then 16, 100, and 400 genotypes would need to be sampled to estimate yield with precisions of 0.25, 0.10, and 0.05, respectively.




3.2. Variation in Yield, Structural and Functional Traits between Wyman’s and BBHF Blueberry Fields and among the Genotypes


We found that both Wyman’s and BBHF fields had yield distributions that were heavily skewed toward the yield range 2200–2500 (g/m2) (Figure 2). Though the average yield in the BBHF field appeared higher compared to the Wyman’s field yield (Figure 2), the difference was not statistically significant (Table 2).



We found a high variation in the observed yields, structural and functional traits among genotypes, and within and between fields (Table 2). The yield varied by 46-fold, ranging from 122.22 to 5577.7 g/m2 in the Wyman’s field. The yield varied by 36-fold, ranging from 177.77 to 6355.5 g/m2 in the BBHF field. The weight of 100 berries varied by 1.7-fold, ranging from 40 to 69 g in the Wyman’s field, and varied by 4-fold, ranging from 22 to 88 g in the BBHF field. The number of berries on a stem varied by 24.7-fold, ranging from 0.8 to 20.5 in the Wyman’s field, and varied by 14.3-fold, ranging from 1.9 to 26.7 in the BBHF field. The length of a berry cluster varied by 12.8-fold, ranging from 0.5 to 5.8 cm in the Wyman’s field, and varied by 6.8-fold, ranging from 0.6 to 4.0 cm in the BBHF field. Stem length varied by 1.9-fold, ranging from 14.7 to 28.3 cm in the Wyman’s field, and varied by 2.3-fold, ranging from 10.7 to 24.3 cm in the BBHF field. Leaf mass area varied by 1.3-fold, ranging from 64.5 to 82.9 g/m2 in the Wyman’s field, and varied by 1.3-fold, ranging from 60.9 to 81.0 g/m2 in the BBHF field. Leaf chlorophyll concentration (LCC) varied by 3.4-fold, ranging from 0.1 to 0.3 μg/cm2 in the Wyman’s field, and varied by 3.4-fold, ranging from 0.1 to 0.3 μg/cm2 in the BBHF field. Leaf canopy temperature varied by 1.3-fold, ranging from 25.4 to 32.3 °C in the Wyman’s field.



When comparing between the fields, we did not find any significant differences between Wyman’s and BBHF in yield-related traits: yield (g/m2), weight of 100 berries (WT), number of berries on a stem (NBS), and the length of a berry cluster (LBC) (Table 2). We found significant differences between the two fields for stem structural traits including the stem number per plot (StemN) and stem length (StemL) but not for the stem diameter (StemD). Both total StemN and mean StemL were higher in the Wyman’s field compared to the BBHF field (Table 2). In terms of leaf structural and functional traits, a significant difference was only found for leaf number per stem (LNPS), and mean LNPS was higher in the Wyman’s field.



When comparing among genotypes of each field, significant differences in yield-related traits; NBS and LBC were found among the genotypes of the Wyman’s field as well as the BBHF (Table 2). We found significant differences among genotypes for stem structural traits including stem length (StemL), and stem diameter (StemD). In terms of leaf structural and functional traits, we found significant differences among genotypes LCC and leaf area per stem (LAPS) but not between the Wyman’s and BBHF fields. The same pattern was found for the number of branches/stem (NBPS). The LNPS was found significantly different between fields as well as among the genotypes in those fields. We did not find any significant difference in leaf mass per area (LMA) between the fields or among the genotypes in those fields. Significant differences among genotypes in Wyman’s field were also found with water condition, leaf temperature (LeafT), soil temperature (SoilT), and soil water content (SWC).




3.3. Structural and Functional Traits in Relation to Yield and Yield Related Traits of Wild Blueberry Fields


We used Pearson correlation as well as bivariate linear and quadratic regression relationships to determine if different structural and functional traits can be used to predict yield and yield-related traits WT, NBS, and LBC for the wild blueberries. We found relationships of yield with the LMA, LCC, and LeafT, but the relationships were not always consistent within and across fields (Figure 3 and Figure 4). We found significant negative linear relationships between the yield and LMA for the Wyman’s field (Figure 4a: R2 = 0.41, p < 0.05) as well as combining the data of the two fields (Figure 4c: R2 = 0.18, p < 0.05), but not for the BBHF field. We also found significant quadratic relationships for Wyman’s field (Figure 4a: R2 = 0.37, p < 0.05) as well as for the combined field data (Figure 4c: R2 = 0.10, p < 0.05), whereas the quadratic relationships were not significant for the BBHF field (Figure 4b: R2 = 0.07, p = 0.16). However, coefficients of determination (R2) were higher for the linear relationships compared to quadratic relationships between yield and LMA. When we analyzed the relationship between LCC and yield, we did not find any significant linear or quadratic relationships for Wyman’s field or the BBHF field. When the data for the two fields were combined, we found a borderline significant quadratic relationship between LCC and yield (Figure 4f: R2 = 0.11, p = 0.08). We also found significant linear (Figure 4g: R2 = 0.42, p < 0.01) and quadratic relationships (Figure 4g: R2 = 0.42, p < 0.05) when we analyzed the relationship between LeafT and Yield (g/m2).



We found relationships of the average number of berries (NBS) with StemL, LCC, LMA, LAPS, and SoilT, but they were not consistent within and across fields (Figure 3 and Figure 5). We found a marginally significant linear (Figure 5a: R2 = 0.21, p = 0.08) and quadratic (Figure 5a: R2 = 0.33, p = 0.08) relationship between NBS and StemL among the genotypes in the Wyman’s field. Significant relationships were absent for the BBHF field and when the two fields were combined. We did not find any significant linear or quadratic relationships between LCC and NBS for Wyman’s wild blueberry field (Figure 5d) but found significant positive linear relationships for the BBHF field (Figure 5e: R2 = 0.17, p < 0.05) and combined data (Figure 5f: R2 = 0.17, p < 0.05). For the combined data, we also found a significant quadratic relationship (Figure 5f: R2 = 0.21, p < 0.01), but for the BBHF field, the quadratic relationship was borderline significant (Figure 5e: R2 = 0.18, p = 0.07). We found significant negative linear relationships between NBS and LMA for Wyman’s field (Figure 5g: R2 = 0.43, p < 0.01) and the combining data for the two fields (Figure 5i: R2 = 0.09, p < 0.05), but no significant relationship for the BBHF field. While comparing the leaf structural trait average leaf area per stem (LAPS) with NBS, only a significant quadratic relationship was found for the BBHF field (Figure 5k: R2 = 0.20, p < 0.05). We also found significant linear (Figure 5m: R2 = 0.35, p < 0.05) and quadratic relationships (Figure 5m: R2 = 0.33, p < 0.05) between soil temperature (SoilT) and NBS; however, we found a higher coefficient of determination (R2) associated with the linear relationship.



The length of a berry cluster in stem (LBC) was significantly related to StemL, LMA, and LeafT. However, relationships within and across fields were not consistent (Figure 3 and Figure 6). This was also the case for yield (Figure 3) and NBS (Figure 5). We found a significant positive linear (Figure 6a: R2 = 0.34, p < 0.05) and marginally significant quadratic (Figure 6a: R2 = 0.35, p = 0.07) relationship of LBC with the StemL among the genotypes in the Wyman’s field, whereas significant relationships were absent for the BBHF field. However, we found significant linear and quadratic relationships (Figure 6c) for the combined data from the two fields. The relationships of LMA with the LBC were similar to what we found for NBS (Figure 6d–f). We found significant negative linear and quadratic relationships between LBC and LMA for the Wyman’s field (Figure 6d: R2 = 0.58, p < 0.001) and for the combined data of the two fields (Figure 6g: R2 = 0.15, p < 0.05). No significant relationship was found for the BBHF field. A quadratic relationship was found between LeafT and LBC (Figure 6g: R2 = 0.38, p < 0.05).



Berry size, indicated by the weight of 100 berries (WT), was found to be related to StemL, StemD, and SWC. These relationships were consistent among fields for StemL and WT (Figure 7a–c), but not for StemD (Figure 7d–f). We found a significant positive linear (Figure 7a: R2 = 0.32, p < 0.05) and marginally significant quadratic (Figure 7a: R2 = 0.32, p = 0.10) relationship for WT with StemL among genotypes in the Wyman’s field, whereas for the BBHF field, we found no significant relationships for the BBHF field (Figure 7b) or for the combined data (Figure 7c). We found significant positive linear and quadratic relationships (Figure 7e) for the BBHF field as well as for the combined data of two fields between StemD and WT, but no relationship was found for the Wyman’s field. We also found a significant increase in WT with an increase in SWC (Figure 7g: R2 = 0.27, p < 0.05).



Combining the data from both fields, we found that the multiple linear regression model tested was statistically significant (R2 = 0.345, p = 0.01), and the fitted regression model was Sqrt yield = −0.93 × StemL + 73.50 × LCC − 1.17 × LMA − ((LCC − 0.19) × (StemL − 18.76) × (− 30.07)). LMA (β = −1.17, p < 0.05) and LCC (β = 73.50, p < 0.05) significantly predicted yield (Table 3). The effect of LMA was negative on the yield, whereas the effect of LCC was found to be positive. It was also found that StemL did not significantly predict yield (β = −0.93, p = 0.057). When the parameters are centered and scaled, the relative importance of the predictors determining a unit of yield are: −25.3, 28.2, −41.4, and −42.1 for the parameters StemL, LCC, LMA, and StemL × LCC, respectively. The R2 of 0.345 of this multiple linear regression was higher than those of single traits (Figure 4).



In the PCA analysis of the observed common structural and functional traits of the Wyman’s and BBHF field, principal component axis 1 (PC1) explained 28.4% while principal component axis 2 (PC2) explained 21.2% of the total variance (Figure 8). The PC1 was positively associated with stem structural traits StemL, StemD, and leaf size-related traits (LeafN and LAPS) and negatively with LMA. The PC2 was positively associated with leaf size-related traits (LeafN and LAPS), and negatively associated with yield and the yield-related traits NBS, LBC, and WT. The first principal component axis (PC1) represented a trade-off between investment in leaf toughness and endurance vs. investment in structural features, while the second principal component (PC2) represented a trade-off between productivity and investment in leaf structure.





4. Discussion


We found high variations in structural, functional, and yield-related traits among genotypes in both wild lowbush blueberry fields. Particularly, the yield varied by 46-fold among genotypes in the Wyman’s field and 36-fold in the BBHF field, which are surprisingly high and suggest the potential for breeding programs and precise management to increase yield. The high variations within fields could be explained by the fact that wild blueberry farms are semi-natural ecosystems with plants naturally growing in the field. Interestingly, no significant differences were found between the two studied fields in traits except StemN, StemL, and LNPS, despite different management practices and environmental conditions. To guide further studies, we found that the optimal sample size to estimate the yield of an entire field is 31 genotypes with a standard error\mean ratio precision of 0.25. Additionally, our results suggest the possible use of leaf mass per area, leaf chlorophyll concentration, stem length, and midday leaf temperature in predicting yield for wild blueberries. An R2 of 0.345 of the multiple linear regression model suggests important contributions to yield by other factors such as pollination and diseases. Nevertheless, the significant relationships revealed here suggest important biological causal factors in determining yield, which could be used to direct the design of controlled experiments in wild blueberries and other berry crops.



Wild blueberries are known to exhibit a high degree of intra-species diversity in terms of structural and functional traits and yield [34,35]. This is confirmed in our study. Additionally, we did not find any significant differences in any traits except StemN, StemL, and LNPS between the two studied fields (Table 2). This pattern agrees with the genetic variation across genotypes and fields, with more than 75 to 92% of the total genetic variation explained by inter-genotype variance within fields and only 8 to 25% explained by between-field variance [24,30]. Our results suggest overlaps in yield and many functional traits at the two farms despite different management practices. This could be explained by the fact that wild blueberry fields are semi-natural systems with blueberry plants naturally growing in the field and competing with each other. Thus, different genotypes with diverse functional performance are filling different niches of the ecosystem, resulting in a high range of functional traits in different farms. The absence of significant differences between these two farms might also be partially explained by seed dispersal by mammals and birds. Genetic differentiation among blueberry fields does not occur until between-field distances reach 12.5 km [30], suggesting that the effective genetic neighborhood is quite large, and gene flow through both pollen and seed dispersal operates at km distances. Therefore, fields close to one another will have genotypes that are genetically similar. Structural and functional features of plants also can be influenced by micro-climatic conditions [36]. We found a high variation in soil water content in the Wyman’s field (Table 2), which suggests the heterogeneity of environmental factors within the field. High inter-genotype diversity along with the spatial heterogeneity of the micro-climatic conditions might together shape the significant variation of structural and functional traits in wild blueberries [37].



We found that with an increase of LMA, the yield-related traits indicated by Yield, NBS, and LBC decreased. A leaf with a high leaf mass per area (LMA) has more fiber content and mass density resulted from the high N accumulation in the cell wall [38,39]. This type of investment in leaf structure increases plant endurance and resistance to environmental stress [40]. However, high N concentrations in the cell wall reduce N concentrations in the photosynthetic machinery, reducing the overall photosynthetic performance [38,39]. Moreover, thicker cell walls increase leaf endurance but increase CO2 diffusion resistance to chloroplasts, resulting in reduced photosynthetic capacity [41,42]. A higher LMA is linked to better survival but slower growth and yield performance; thus, it reduces overall yield [43], whereas a lower LMA results in better resource acquisition and usage efficiency, producing faster growth and higher yield [44]. Our finding in the regression analysis is also supported by our PCA analysis, where PC1 was shown to be positively correlated with stem structural features and leaf size-related features and negatively correlated with LMA. The first axis (PC1) indicated a trade-off in investment between leaf toughness and durability vs. structural features related to resource acquisition for photosynthesis, whereas the second axis (PC2) represented a trade-off between productivity and leaf structure. This investment in leaves vs. reproduction tradeoff is also supported by the finding that the removal of flowers of wild blueberry plants enhanced earlier leaf production and higher leaf production rates [45].



A positive link of yield with CO2 fixation rate, LCC, and stomatal conductance and a negative correlation with LCC has been found in wheat [21]. In general, LCC correlates positively with yield performance of crops as it reflects photosynthetic capacity [20]. We also found a positive impact of LCC on yield (Figure 4f: borderline significance) and yield-related traits like NBS (Figure 5e,f). Chlorophyll production in leaves is dependent on soil nitrogen availability as well as the effectiveness of plants to uptake nitrogen from soil [22]. The significant variation of LCC among wild blueberry genotypes and between fields might be related to the variability of soil nitrogen availability as well as variability in the effectiveness to uptake nitrogen from soils due to distinct genotypic features or a combination of both.



We found quadratic relationships between yield-related traits and StemL, suggesting that there is an optimum height for maximum wild blueberry yields. Plants with a higher stem length and larger diameter normally have bigger vessels, which can lead to higher hydraulic conductivity [13], facilitating higher stomatal conductance and photosynthetic carbon gain [14]. Higher hydraulic conductivity and photosynthesis are also related to higher plant growth rates [16], ultimately impacting yield performance. This explains positive associations between yield-related traits and stem structural traits, which need further physiological studies to confirm. It was previously observed in wild blueberries that greater stem length is related to higher fruit biomass [12]. Additionally, genotypes with a higher StemL might be benefitted in terms of successful pollination by bees, which is one of the major yield determining factors of wild blueberries [46]. However, as length increases, the danger of xylem cavitation increases, making plants more susceptible to drought [17,18]. Additionally, taller wild blueberry plants might be more prone to winter wind damage, which could result in reduced yield.



We found a negative association between the LeafT with Yield (Figure 4g) and a quadratic association with the yield-related trait LBC (Figure 6g). LeafT is a good indicator of leaf transpiration and water status [47]. There is a direct relationship between leaf temperature and plant water status. When water is limited, the plant reduces its transpiration rate, resulting in higher leaf temperatures than non-stressed well-watered plants [47]. We did not find any significant relationship between yield and soil water content, but we found a significant positive association between WT and soil water content (Figure 7g). A reason for the positive association might be that the weight of berries mostly consists of water; thus, a higher soil water content might be a driver of berry weight.



Between the two fields, we found that plants in Wyman’s field showed significantly higher investment in vegetative features compared to the genotypes in BBHF, as we can see significantly higher numbers of stems per quadrat, stem length, and leaf number per stem. However, the difference in yield-related traits between the two studied fields was not statistically significant. Notably, winter damages were found in the fields in 2019, and Wyman’s field with taller stems (higher stem length) may experience higher winter damages and more reduction in yield. Overall, although the difference in management practices and environmental conditions between these two farms resulted in differences in vegetative features, it seems they had limited effects on yield, at least in 2019.




5. Conclusions


Our study confirms the presence of high levels of variation among wild blueberry genotypes in structural, functional, and yield-related traits. The negative association of leaf mass per area (LMA) with yield-related traits suggests that there is a tradeoff between maintenance traits and yield performance traits, which is to be expected based on the cost/benefit balance theory. This interesting tradeoff could exist in other berry crops as well, which deserves further investigation. Meanwhile, although genotypes with a high LMA showed lower yield, they may be more drought resistant and produce a higher yield in drought years. As drought is frequent in wild blueberry fields [48], and future warming will decrease the relative humidity and enhance drought effects [49,50], the functional diversity in this semi-natural system could be important in maintaining the stability of wild blueberry production under increasing climate variability. Overall, our findings imply that a number of leaf and stem functional traits are linked to yield-related traits, and thus these traits can be used to predict wild blueberry productivity to facilitate precise management. We also identified that 25 cm was the optimal stem length for maximizing yield. Our findings are useful for growers and breeders in selecting superior yielding genotypes based on structural and functional features. Increased high-yielding blueberry genotypes planted in between inter-genotype unoccupied spaces in existing fields, as well as replacing less productive genotypes with high-yielding genotypes, would enhance crop production.
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Figure 1. High variations in leaf color, stem height, berry density, and berry color among genotypes in a wild blueberry field at the Wyman’s Farm, Deblois, ME, USA. Different genotypes form patches connecting each other in the field. The photo was taken during the fruit production stage by Dr. Xiaoxue Mo. 
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Figure 2. Gaussian kernel density estimates of the wild blueberry yield (g/m2) for the two studied wild blueberry fields, Wyman’s and BBHF. 
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Figure 3. Pearson correlation heat map of the structural, functional, and yield-related traits of wild blueberries for (a) Wyman’s field, (b) BBHF field, and (c) the combined data from both fields. The horizontal axis represents the degree and direction of Pearson correlation r. The sign of the significance for each correlation is shown as ***, p < 0.001; **, p < 0.01; *, p < 0.05. For definitions of trait abbreviations, please see Table 1. LeafT, SoilT, and SWC data were only available for the Wyman’s field. 
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Figure 4. Yield (g/m2) of wild blueberry fields in relation to leaf mass per area (LMA) (a–c); leaf chlorophyll concentration(LCC) (d–f) and leaf temperature (LeafT) (g). The solid lines indicate significant (p < 0.05) linear relationships, and black lines indicate significant (p < 0.05) quadratic relationships. Dashed lines indicate marginally significant (p < 0.10) relationships. Here among all the structural and functional traits, only significant or marginally significant relationships to yield were plotted. The strongest relationship was chosen by the high level of significance (p-value) and higher coefficient of determination (R2). For definitions of trait abbreviations, please see Table 1. 
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Figure 5. Average number of berries per stem (NBS) in wild blueberry fields in relation to average stem length (StemL) (a–c); average leaf chlorophyll concentration (LCC) (d–f); average leaf mass per area (LMA) (g–i); average leaf area per stem (LAPS) (j–l); and average soil temperature (SoilT) (m). The solid blue lines indicate significant (p < 0.05) linear relationships, and black lines indicate significant (p < 0.05) quadratic relationships. Dashed lines indicate marginally significant (p < 0.10) relationships. Here, among all the structural and functional traits, only significant or marginally significant relationships to NBS were plotted. The strongest relationship was selected from the high level of significance (p-value) and higher coefficient of determination (R2). 
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Figure 6. Average length of berry cluster (LBC) in wild blueberry fields in relation to average stem length (StemL) (a–c); average leaf mass per area (LMA) (d–f); and average leaf temperature (LeafT) (g). The solid blue lines indicate significant (p < 0.05) linear relationships, and black lines indicate significant (p < 0.05) quadratic relationships. Dashed lines indicate marginally significant (p < 0.10) relationships. Here, among all the structural and functional traits, only significant or marginally significant relationships to LBC were plotted. The strongest relationship was selected from the high level of significance (p-value) and higher coefficient of determination (R2). 






Figure 6. Average length of berry cluster (LBC) in wild blueberry fields in relation to average stem length (StemL) (a–c); average leaf mass per area (LMA) (d–f); and average leaf temperature (LeafT) (g). The solid blue lines indicate significant (p < 0.05) linear relationships, and black lines indicate significant (p < 0.05) quadratic relationships. Dashed lines indicate marginally significant (p < 0.10) relationships. Here, among all the structural and functional traits, only significant or marginally significant relationships to LBC were plotted. The strongest relationship was selected from the high level of significance (p-value) and higher coefficient of determination (R2).



[image: Agronomy 12 00617 g006]







[image: Agronomy 12 00617 g007 550] 





Figure 7. Berry size (weight of 100 berries) (WT) in relation to average stem length (StemL) (a–c); average stem diameter (StemD) (d–f); and average soil water content (SWC) (g). The solid blue lines indicate significant (p < 0.05) linear relationships, and black lines indicate significant (p < 0.05) quadratic relationships. Dashed lines indicate marginally significant (p < 0.10) relationships. Here, among all the structural and functional traits, only significant or marginally significant relationships to WT were plotted. The strongest relationship was selected from the high level of significance (p-value) and higher coefficient of determination (R2). 
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Figure 8. Principal Component Analysis (PCA) of mean values of studied common structural and functional traits. The red circle represents BBHF’s field, and the blue circle represents Wyman’s field mean trait values. For definitions of trait abbreviations, please see Table 1. 
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Table 1. List of yield-related, morphological, and functional traits used in this study along with their abbreviations and units.
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	Traits Type
	Traits Name
	Abbreviation
	Unit





	Yield Traits
	Yield per area
	Yield
	g/m2



	
	Berry size (Weight of 100 berries)
	WT
	g



	
	Number of berries per stem
	NBS
	#



	
	Length of berry cluster
	LBC
	cm



	Structural Traits
	Number of stems per plot
	StemN
	#/quadrat



	
	Stem length
	StemL
	cm



	
	Stem diameter
	StemD
	cm



	
	Leaf number per stem
	LNPS
	#



	
	Number of branches per stem
	NBPS
	#



	Functional Traits
	Leaf chlorophyll concentration per area
	LCC
	μg/cm2



	
	Leaf mass per area
	LMA
	g/m2



	
	Leaf area per stem
	LAPS
	cm2



	
	Leaf temperature
	LeafT
	°C



	
	Soil temperature
	SoilT
	°C



	
	Soil water content
	SWC
	%







# refers to number.
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Table 2. Comparison between Jasper Wyman & Son Blueberry Farm (Wyman’s) and from Blueberry Hill Farm (BBHF) blueberry fields in yield-related, morphological, and functional traits in the minimum (Min), maximum (Max), mean, and standard deviation (SD) of Yield, WT, NBS, LBC, StemN, StemL, StemD, LCC, LMA, LAPS, LNPS, NBPS, LeafT, SoilT, and SWC. To determine trait differences between the two fields and genotypes within fields, we used a hierarchical nested mixed model with field as the fixed effect and genotype nested with-in field as the random effect. LeafT, SoilT, and SWC data were only available for the Wyman’s field. For definitions of trait abbreviations, please see Table 1.
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Yield (g/m2)

	
WT (g)

	
NBS (#)

	
LBC (cm)

	
StemN (#/plot)

	
StemL (cm)

	
StemD (cm)

	
LCC (μg/cm2)

	
LMA (g/m2)

	
LAPS (cm2)

	
LNPS (#)

	
NBPS (#)

	
LeafT (°C)

	
SoilT (°C)

	
SWC (%)






	
Wyman’s

	
Min

	
122.22

	
40.00

	
0.83

	
0.45

	
126.00

	
14.73

	
1.64

	
0.10

	
64.50

	
26.00

	
29.17

	
5.33

	
25.40

	
31.32

	
9.75




	
Max

	
5577.70

	
69.00

	
20.50

	
5.75

	
289.00

	
28.32

	
2.47

	
0.34

	
82.85

	
95.85

	
102.80

	
17.33

	
32.26

	
33.0

	
22.15




	
Mean

	
2332.30

	
50.90

	
7.63

	
2.87

	
179.80

	
20.91

	
2.05

	
0.17

	
72.02

	
65.03

	
57.71

	
7.91

	
28.42

	
32.13

	
14.21




	
SD

	
1685.58

	
7.81

	
5.78

	
1.56

	
52.91

	
4.08

	
0.25

	
0.06

	
5.19

	
21.65

	
22.81

	
2.89

	
2.20

	
0.61

	
3.22




	
Difference Among Genotypes

	
NA 1

	
NA 1

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
NA 1

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
No

(p = 0.37)

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)




	
BBHF

	
Min

	
177.77

	
22.00

	
1.87

	
0.58

	
79.00

	
10.73

	
1.36

	
0.09

	
60.94

	
29.98

	
22.33

	
5.17

	

	

	




	
Max

	
6355.50

	
88.00

	
26.67

	
3.95

	
246.00

	
24.34

	
2.78

	
0.31

	
81.00

	
105.9

	
62.33

	
12.92

	

	

	




	
Mean

	
2588.80

	
43.60

	
10.16

	
2.27

	
136.70

	
17.69

	
2.17

	
0.20

	
70.99

	
59.02

	
43.15

	
8.38

	

	

	




	
SD

	
1760.60

	
15.60

	
5.21

	
0.89

	
38.26

	
3.75

	
0.34

	
0.06

	
5.46

	
22.91

	
12.21

	
1.92

	

	

	




	
Difference Among Genotypes

	
NA 1

	
NA 1

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
NA 1

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
No

(p = 0.98)

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
Yes

(p < 0.001)

	
NA 2

	
NA 2

	
NA 2




	

	
Difference Between Fields

	
No

(p = 0.59)

	
No

(p = 0.06)

	
No

(p = 0.14)

	
No

(p = 0.11)

	
Yes

(p < 0.001)

	
Yes

(p < 0.05)

	
No

(p = 0.26)

	
No

(p = 0.13)

	
No

(p = 0.55)

	
No

(p = 0.47)

	
Yes

(p < 0.0001)

	
No

(p = 0.53)

	
NA 2

	
NA 2

	
NA 2








1 no genotype subsample (stems) contribution. 2 no sample for the BBHF. # refers to number.
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Table 3. Multiple linear regression analysis to predict yield (g/m2) using several functional traits stem length (StemL), leaf mass area (LMA), and leaf chlorophyll concentration (LCC) for the two studied fields combined. The best model, chosen after Lasso variable selection (least absolute shrinkage and selection operator) had an AICc of 382.1 and a coefficient of determination of R2 = 0.345. None of the predictors were correlated (p > 0.05), and the predictor distributions were not significantly different than a Normal distribution.
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	Model Parameters
	Parameter Values 1
	Standard Error
	Chi-Square
	p Value 2





	intercept
	135.059
	31.429
	18.466
	<0.0001



	StemL
	−0.926
	0.482
	3.627
	0.057



	LCC
	73.496
	35.391
	4.313
	0.038



	LMA
	−1.169
	0.411
	8.114
	0.004



	StemL × LCC
	−30.072
	12.397
	5.884
	0.015







1 values are the constant for the intercept and linear slopes for the predictors. 2 bold values are where p < 0.05, otherwise p < 0.1.
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