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ABSTRACT
Micronutrient malnutrition is a global health
problem. An improved understanding of the
genetic variation of important micronutrient
traits within a potato breeding population will
help devise breeding strategies for the biofortification of this important food staple. The dataset consisted of 556 individuals from 17 fullsib diploid families grown in 2006 in Huanuco,
Peru, and 1329 individuals from 32 full-sib families grown in 2009 in Ayacucho, Peru. Genetic
parameters were estimated using univariate
and multivariate individual Bayesian models for
micronutrient tuber content including Fe and
Zn. Genetic variance was additive and heritability estimates were moderate (0.36 to 0.57) and
inflated if the common environment of full-sibs
was not taken into account. Posterior modes of
genetic correlation estimates between minerals,
when analyzed on a dry-weight basis, were all
positive (0.04 to 0.72) and between minerals and
tuber dry matter were negative (−0.14 to −0.38).
On a fresh-weight basis, genetic correlations
between minerals and tuber dry matter were
small but positive (0.05 to 0.18). The implications and challenges for selective breeding to
enhance micronutrient content in potato tubers
are discussed.
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I

mproving the health benefits of major food staples by
enhancing micronutrient content of essential vitamins and
minerals in the edible portions has become an important target
for plant breeders in recent years (Bouis and Welch, 2010;
Graham et al., 1999; Gregorio, 2002; Nestel et al., 2006; Pfeiffer
and McClafferty, 2007a; Sands et al., 2009). Biofortification is
the genetic improvement of the nutritional value of food crops
through conventional plant breeding or biotechnology. It is supported by predictive cost-benefit analysis as an effective approach
to help reduce micronutrient deficiencies (Nestel et al., 2006) and
has been endorsed as a priority development goal by the Copenhagen Consensus, an international think-tank on global poverty
(Horton et al., 2009). Global micronutrient deficiencies do not
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tend to receive the same attention (from the media or
otherwise) as calorific malnutrition and are a problem in
poorer communities in particular, especially for women,
infants, and children. Affected communities may often
have an adequate supply of carbohydrate and protein,
but lack some vitamins and minerals that are essential
for healthy body function. The effects of micronutrient
deficiencies are not always immediately apparent, and
therefore are often described as a “hidden hunger” (Stein
et al., 2005). Iron deficiency alone is estimated to impact
on 2.7 billion people globally (Hirschi, 2009), and the
effects are reported to include impaired physical activity, impaired cognitive development, and both maternal
and infant mortality. Zinc deficiency is also a widespread
global problem and can lead to infant and child respiratory
infection, diarrhea, stunting, and mortality (Stein, 2010).
Reducing micronutrient malnutrition is likely to lead
to an improvement in public health and in economic outcomes at a local scale and beyond, as well as an improved
quality of life for individuals (Stein et al., 2005). The
importance of potato as a food staple in poorer regions of
Asia, sub-Saharan Africa, and Latin America, combined
with evidence for genetic variability for mineral concentrations in a favorable food matrix, have made biofortification a new potential breeding target at the International
Potato Centre (CIP; Bonierbale et al., 2007). Although
agronomic and postharvest practices can affect nutritional
content (Hirschi, 2009; Rengel et al., 1999), the variation
in micronutrient levels in many food crops is considered
to have an exploitable genetic component (Graham et al.,
1999; Gregorio, 2002). Knowledge on the level and type
of genetic variation present in crop gene pools is required
to help determine an appropriate breeding strategy.
A crop breeding program requires estimates of variance components, not only to obtain genetic parameters to
help define a breeding strategy, but also to predict breeding values to identify superior parents and breeding lines
for variety development. Linear mixed models provide
an improved representation of the underlying random
and error components, that is, the ability to model different (co)variance structures when pedigree information
is used and analysis is further extended to multiple traits
and multienvironment (MET) trials (Oakey et al., 2007).
Pedigree information is exploited via the relationship
matrix A (Henderson, 1976), accounting for the expected
additive genetic relationships between all individuals in
the pedigree. Exploiting these relationships, a breeding
value can be fitted for all members of the pedigree, even
those without trait records, hence such models are named
individual or individual plant models (but more commonly
referred to as animal models) as opposed to the more traditional family-based approaches. Combining information
on the individual and all relatives in a selection program
greatly increases the accuracy of selection, (Lynch and
1950

Walsh, 1998). Variance components are required for the
estimation of the BLUPs (best linear unbiased predictors)
of breeding values. In practice, the true variance components are unknown but are estimated from the data either
by likelihood approaches (usually by REML, restricted
maximum likelihood; Patterson and Thompson, 1971)
or from Bayesian inference (e.g., Sorensen and Gianola,
2002). Bayesian inference using Markov chain Monte
Carlo (MCMC) sampling methods (often via the Gibbs
sampler) is attractive for variance component and variance
ratio estimation, as the posterior distribution provides
the credible interval as a realistic measure of uncertainty
around the point estimate (Waldmann and Ericsson, 2006).
Prior information can also be included in Bayesian inference if available from previous studies, such as evaluation
of previous breeding generations. Bayesian methods have
remained out of reach for most plant breeders because of
the apparent lack of user-friendly software to apply individual models to crop data. This may partly explain the
limited number of crop breeding programs reporting the
use of these approaches for genetic evaluation.
Previous studies have demonstrated genetic diversity
in Andean potato germplasm for micronutrient traits.
Andre et al. (2007) found significant diversity in the tuber
content of Fe, Zn, Ca, vitamin C, carotenoids, and phenolics from a sample of 74 genotypes of a CIP core collection, which was made up of eight taxonomic groups from
the Solanum tuberosum species. Burgos et al. (2007) identified genotype variability in Fe and Zn concentrations for
landrace cultivars from several taxa of Solanum. Derived
from a base population of diploid landrace accessions, the
breeding population of the present study was initiated
in 2004 at CIP in Lima, Peru, in coordination with the
HarvestPlus Biofortification Challenge Program (Pfeiffer and McClafferty, 2007a). The CIP aims to enhance
the micronutrient content of potato tubers at the diploid
level and use this material in a prebreeding strategy before
introduction as parental material into tetraploid breeding
populations. The objective of this study was to estimate
variance components and genetic parameters of important
micronutrient traits from a breeding population based on
landrace genotypes using data collected from tuber progeny field tests. This will assist in the recommendation of
selection procedures and the development of a breeding
strategy for biofortification. The study also illustrates that
Bayesian procedures using the MCMC to fit the individual model are now more accessible to plant breeders for
the routine estimation of variance components, genetic
parameters, and breeding values.

MATERIALS AND METHODS
Plant Material
Three diploid cultivar groups of Solanum tuberosum, namely
stenotomum, goniocalyx, and phureja, made up the parental base
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Table 1. Base parents (G0) of the first generation (G1).
Female
702736
703280
703312
703317
702815
703291
703825
704393
701165
703168‡
703352
703421§
703831
703831
700313
703197
704481

Male
703287
703421
703825
704218

Group†

Cultivar name

Stn
Gon
Stn
Stn
Stn
Phu
Gon
Gon
Stn
Gon
Gon
Stn
Gon
Gon
Stn
Stn
Gon

Puca Micnush
unknown
Morada Taruna
Chingos
Morar Nayra Mari
Rosca
China Runtush
Maria Cruz
Calhua Rosada
Puca Pishgush
Cashpadana Amarilla
Poluya
Pampuna
Pampuna
Cuchipa Ismaynin
Yana Sucre
Amarilla

Group†

Cultivar name

Stn
Stn
Gon
Phu

Cceccorani
Poluya
China Runtush
Yema de Huevo

†

Stn: Stenotomum; Gon: Goniocalyx; Phu: Phureja.

‡

No progeny measured for mineral content.

§

No progeny measured for vitamin C content.

population. For the first generation (G1), a sample of cultivars
of the three species from the study of Burgos et al. (2007) was
identified as base parents (G 0; Table 1) and crossed following a nested mating design, that is, each of a group of males
mated to a subset of females. Seventeen full-sib families and
four half-sib families from four males and 16 females were generated; 703825 (‘China Runtush’) and 703421 (‘Poluya’) were
both female and male parents. The first generation (G1) was
grown in 2006 in Huanuco, Peru, at an altitude of 3800 m.
Tuber families, consisting of three tubers (clones) per genotype,
were grown within full-sib family groups with three replications of each family in a randomized complete-block design
(RCBD). Planting distances were 0.3 m between plants and 0.9
m between rows. At harvest, tuber samples of 12 genotypes, if
possible, were taken at random from each replicate within each
family for micronutrient analysis.
All analyses were conducted on peeled tubers. Mineral
content was determined by inductively coupled plasma–optical
emission spectrophotometry (ICP) at Waite Analytical Services
in Australia. For further details of tuber sample preparation and
analytical methods for mineral determination, see Burgos et
al. (2007). Micronutrients analyzed included Fe, Zn, Ca, and
vitamin C. Aluminum was used as an indicator of contamination of samples with soil or dust, as it is often found in higher
levels in the soil and lower levels in grains and tubers (Pfeiffer
and McClafferty, 2007b). Ascorbic acid (AA; vitamin C) concentrations were evaluated by the spectrophotometric method
of Egoville et al. (1988). The method is based on the ability of
AA to reduce dye 2,6-dichloroindophenol. Concentrations are
expressed in mg/100 g, fresh weight. The dry matter content
crop science, vol. 54, september– october 2014 	

of the individual samples was determined on the basis of differences in weight before and after oven drying at 100°C and used
to estimate the concentration in mg/100 g, dry weight. In G1,
there were 556 observations, which included 487 for mineral
content and 527 for vitamin C and dry matter content. Family
sizes analyzed ranged from 23 to 36 genotypes.
Parent selection for the second generation (G2) was based
on the phenotypic values of individuals from the G1 trials for
higher Fe, Zn, and other desirable agronomic characteristics.
Over 40 potential parents were initially chosen, but natural
attrition (due to male or female parent sterility, for example)
resulted in a final crossing scheme made up of eight female
parents and eight male parents intercrossed in a factorial mating
design, that is, each female member of the group was mated
to each male member using two sets of four females × four
males generating 32 full-sib families. For G2, seedlings from
the factorial crosses were transplanted into the field in Huancayo, Peru (2007–2008), using a RCBD with four replicates
and 30 plants per replicate. At harvest, a set of tuber families
from across the complete trial were retained and planted as a
RCBD in Ayacucho, Peru (2008–2009). Three plants (clones)
per genotype were planted in each plot within full-sib family
groups with three replicate groups per family. At harvest, tuber
samples from clones of each three-plant plot were pooled and
analyzed for the micronutrient content of peeled tubers by ICP
and for dry matter content, as previously described. In total,
there were 1329 progeny records analyzed for Fe, Zn, Ca, and
dry matter content, with family size ranging from 19 to 74 genotypes. There was no data collected for vitamin C from the G2
Ayacucho breeding trial.

Data Analysis
A Bayesian approach based on an individual model was used to
estimate variance components, heritabilities, and genetic corre
lations for various micronutrient traits in potato. The general
form of the full univariate model was:
Y = Xb + Z1a + Z2c + Z3f + e
where Y is a vector of observations on the trait under study,
and X, Z1, Z2 , and Z3 are known incidence matrices. In a traditional generalized linear model, the vector of replicate effects
b may be considered as fixed effects, but in the Bayesian analysis, b was fitted with a prior of zero mean and large variance.
The vector of random additive genetic effects of individual
genotypes, a, has the distribution assumed to be multivariate
2
normal (MVN), with the parameters ( 0, sa , A ), c is a vector of
common environmental effects with the distribution assumed
2
to be MVN, with the parameters ( 0, sc ,Ic ), f is a vector of
family effects with the distribution assumed to be MVN, with
2
the parameters ( 0, sf ,If ), and e is the vector of errors distributed
MVN with parameters ( 0, se2 ,Ie ), Ic, I f, and Ie represent identity
matrices of size equal to the number of common environments,
families, and plants, respectively. The subscripted s2 is the vari2
2
2
ance of each of the random effects ( sa , sc , se additive genetic,
common environment, and error variance, respectively). A, the
numerator relationship matrix, describes the additive genetic
relationships among individual genotypes and was generated
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from the pedigree. In matrix format, the random effects from
the general form of the univariate model are defined by:

æ é0ù é As2
éaù
çç ê ú ê a
ê ú
çç ê0ú ê
êcú
ê ú  N çç ê ú ê 0
êf ú
çç ê0ú ê 0
ê ú
çç ê ú ê
êeú
ê úê
èç ë0û ëê 0
ë û

0
Isc2

0

0

0
Is2f

0

0

sa2 + 4s2f
H = 2
.
sa + s2f + sc2 + se2

0 ùú÷ö÷
÷
0 úú ÷÷÷
÷
0 úú ÷÷÷
÷
Ise2 úûú ø÷÷

2

Data were log-transformed for both univariate and multivariate analyses. Weak priors were assumed for variance
components in G1 that followed an inverse c2 distribution with
1 df, s2 ~ Inv – c2(1,f), where f is a scale parameter which
apportioned the prior variance equally between the variance
components. Trait variances and covariances estimated from the
multivariate analysis in G1 were used as priors for the analysis of
G2 data.
In a factorial design (G2), the full-sib family component of
variance (the male × female interaction) is expected to estimate
2
2
1/4 of the dominance effect (Bernardo, 2002). The sa and sf
variance components have the following genetic
expectations under the linear mixed model:
2
σ 2a = 4σGCA
= VA + 1/ 4VAA
+1/ 16VAAA +…

2
f

2
SCA

σ = σ = 1/ 4VD + 1/ 8VAA
+1/ 8VAD + 1/ 16VDD +…
where VA is the additive genetic variance; V D is the dominance genetic variance; and VAA, V DD, and VAD are the epistatic
genetic variances due to interactions of additive effects, dominance effects, and additive and dominance effects at two loci;
2
sGCA
is the variance due to the general combining ability of the
2
parents; and sSCA is the variance due to the specific combining ability of the crosses. For this study, epistatic genetic effects
2
were assumed negligible, and sf was not estimated from data
of the nested design (G1) due to the relatively small number of
full-sib progenies measured. In general, heritability (narrowsense) was obtained from:

h2 =

s2a
VA
= 2
2
VP
sa + sc + s2f + se2 ,

where V P is the phenotypic variance with common environment and family (G2 only) components of variance included
where appropriate, as indicated by deviance information criterion (DIC) tests (Spiegelhalter et al., 2002), for both univariate
and multivariate analyses.
The common environment ratio (c 2) of full sibs was:

c2 =

1952

Vc
sc2
= 2
VP sa + sc2 + s2f + se2 ,

where VC is the common environmental effect of full-sibs.
Heritability in the broad-sense was obtained from:

All models were fitted using MCMC methods implemented in R (R Development Core Team, 2012) using
MCMCglmm (Hadfield, 2010). For univariate analyses,
80,000 iterations were used, storing every 34th sample after an
initial burn-in of 12,000. Posterior modes of variance components, and narrow-sense heritabilities from a univariate model
in G1 for all traits were reported. The model for the univariate analyses in G1 included additive and common environment
effects but ignored any full-sib family effect.
Univariate models were further extended to accommodate
multivariate analyses, which included Fe, Zn, Ca, vitamin C,
and dry matter in G1 and Fe, Zn, Ca, and dry matter in G2.
For multivariate analyses in both G1 and G2, iteration number
was increased to 250,000, storing every 95th sample after an initial burn-in of 60,000. Different (co)variance structures for the
random effects were fitted, as outlined in Table 4, where DIAG
(diagonal) fitted different trait variances and zero covariances
between each pair of traits and US (unstructured) fitted both different traits variances and covariances between each pair of traits:

é s 2t
ê 1
ê 0
ê
DIAG = ê
ê 
ê
ê 0
ë
é s 2t
ê 1
ê s2
ê
US = ê t 2 ,t1
ê 
ê 2
ê s t ,t
ë n 1

0
s 2t2

0
s 2t1 ,t 2
s 2t 2

s

2
t n ,t 2

0 ùú
 0 úú
ú
  ú
ú
 s 2tn úû


 s 2t1 ,t a ùú
 s 2t 2 ,t n úú
ú

 ú
ú
 s 2t n úû

2
2
so that s tn is the variance for trait n and s �
t n1 ,t n2 represents the
covariance between two traits, n1 and n2. Models were tested
using the DIC; Models 1 to 5 and Models 1 to 8 were tested for
G1 and G2 data, respectively. A summary of the genetic parameters was provided by the mode and 95% credible interval of the
posterior distributions.

RESULTS
Table 2 summarizes the mineral and vitamin data for G1 and
G2 on a dry-weight basis. Coefficients of phenotypic variation (CV%) for micronutrients were highest for Ca followed
by vitamin C. Variation for Fe and Zn were similar in both
G1 and G2. Mean and CV% for tuber percentage dry matter
content (Table 2) were also similar in both G1 and G2.
Posterior modes of heritabilities for micronutrient
traits from univariate analyses were moderate, as shown
in Table 3 (with the 95% credible interval of the posterior
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Table 2. Summary of phenotypic micronutrient data (mg kg −1 dry wt.) and dry matter content (DM, %) in the first and second
generations (G1 and G2, respectively).
Cycle

Trait

n

Maximum

CV%†

487

9.5

37.3

19.0

3.9

487

7.2

27.5

15.8

3.0

18.7

Ca
vitamin C
DM

487
527
487

40.5
140.4
15.5

780.0
918.7
36.4

163.9
399.5
26.4

87.2
117.9
2.9

53.2
29.5
11.0

Fe
Zn
Ca
DM

1329
1329
1329
1326

7.0
2.8
52.3
12.6

42.5
38.9
689.7
35.0

21.0
15.4
171.9
26.0

5.0
3.4
71.0
3.3

23.7
22.4
41.3
12.1

20.4

Coefficient of variation as the standard deviation expressed as a percentage of the mean.

Table 3. Posterior modes for variance components and
heritabilities (h2) from univariate analyses of first generation
(G1) data.
Variance components

Iron
Zinc
Calcium
Vitamin C
Dry matter

σ 2a

σc2

σe2

c2†

h2
[95% credible
interval]

0.034
0.028
0.109
0.043
0.014

0.015
0.013
0.031
0.035
0.011

0.024
0.019
0.133
0.033
0.008

0.21
0.22
0.15
0.32
0.35

0.45 [0.30 0.65]
0.42 [0.32 0.63]
0.36 [0.18 0.70]
0.38 [0.23 0.62]
0.41 [0.31 0.54]

c2, common environment ratio of full sibs.

Table 4 (Co)variance structures and model deviance information criterion (DIC) for the multivariate analyses of G2 data
where DIAG (diagonal matrix) has a zero covariance structure and US is an unstructured covariance between the
response variables.
Common
Model Individual environment Family
1
2
3
4
5
6
7
8
†

Standard
deviation

Fe

G2

†

Mean

Zn

G1

†

Minimum

DIAG
DIAG
US
US
US
US
US
US

–
DIAG
–
DIAG
US
DIAG
US
US

–
–
–
–
–
DIAG
DIAG
US

Error

—— DIC† ——

DIAG
DIAG
US
US
US
US
US
US

2008
1470
781
0
14
38
32
31

2001
1472
781
4
12
43
36
32

Difference in DIC (2 runs) from Model 4 (set to zero).

distributions in parentheses). Estimates for all traits were
inflated when the common environment of full-sibs was
not taken into account (results not tabulated), such that
heritabilities for Fe, Zn, and vitamin C were 0.67 [0.46,
0.79], 0.70 [0.52, 0.81], and 0.76 [0.55, 0.88], respectively.
For the multivariate analyses of G2, eight different models were fitted (Table 4). Models 1 and 2 were
equivalent to running univariate analyses for each trait, as
all traits are assumed independent with zero covariances
and heterogeneous variances. Based on the DIC, Model
4 was the best-fitting model; a multivariate model with
unstructured (co)variance matrices for both individual
crop science, vol. 54, september– october 2014 	

(genotype) and residual error, and common environment
effects with heterogeneous variances and zero covariances
between response variables (traits). The inclusion of a fullsib family effect did not improve the model fit. Although
Model 4 was the preferred model, the broad-sense heritabilities may be of interest and are therefore presented, with
estimates (from Model 6) of 0.57 [0.43, 0.72], 0.55 [0.38,
0.69], and 0.59 [0.46, 0.74] for Fe, Zn, and Ca, respectively. Model 4 was also the best-fitting model in the multivariate analysis of G1 (results not shown), although the
family effect (Models 6–8) was not tested.
Posterior modes of narrow-sense heritabilities, as
shown in Table 5, were moderate. From G1 to G2, estimates increased for Fe (marginal increase; Fig. 1b), Ca,
and dry matter, and slightly decreased for Zn (Fig. 1c),
but were relatively stable given that trials were over two
different sites and years. Analysis of G2 data was repeated
using weaker priors of variance components, reducing the
degree of belief. In comparing the two runs, the MCMC
trace output appeared to be reasonably stable, with heritability estimates [credible intervals] of 0.44 [0.25, 0.67] for
Fe, 0.30 [0.17, 0.58] for Zn, 0.60 [0.37, 0.76] for Ca, and
0.27 [0.15, 0.41] for dry matter.
Posterior modes of the genetic correlations between Fe
and Zn were positive in both G1 and G2 (Table 5, Fig. 1d).
Genetic correlations between Ca and Fe/Zn were close to
zero and shifted to become more positive from G1 to G2,
and correlations between the mineral traits and vitamin
C in G1 were effectively zero. Between the mineral traits
and dry matter content, correlations were negative in both
G1 and G2 (Table 5, Fig. 1e, 1f ). In comparison, genetic
parameters estimated on a fresh-weight basis were similar
in general, with the exception of the genetic correlations
between the minerals and dry matter content which were
positive (G2 results shown in Table 5).

DISCUSSION

Genetic Variation and Heritabilities
From a breeding perspective, it is acknowledged that the
success of biofortification will be determined by the type
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Table 5. Posterior modes for heritability (diagonal, boldface) and additive genetic correlations (below diagonal) for Fe, Zn, Ca,
vitamin C, and tuber dry matter content from a multivariate analysis of G1 and G2 data (Model 4) estimated on a dry-weight or
fresh-weight basis.
Iron

Zinc

Calcium

Vitamin C

Dry matter

G1, dry wt. basis
Iron
Zinc
Calcium
Vitamin C
Dry matter

Trait

0.41 [0.29 0.50]
0.45 [0.32 0.64]
0.04 [–0.23 0.34]
–0.01 [–0.18 0.29]
–0.23 [–0.42 –0.06]

0.38 [0.27 0.47]
0.12 [–0.15 0.39]
0.10 [–0.15 0.30]
–0.24 [–0.41 –0.07]

0.42 [0.29 0.64]
0.05 [–0.27 0.33]
–0.19 [–0.36 0.07]

0.38 [0.28 0.50]
–0.06 [–0.28 0.10]

0.32 [0.22 0.38]

G2, dry wt. basis
Iron
Zinc
Calcium
Dry matter

0.43 [0.28 0.65]
0.72 [0.42 0.88]
0.35 [–0.04 0.61]
–0.34 [–0.61 0.08]

0.36 [0.17 0.54]
0.57 [0.18 0.76]
–0.38 [–0.66 0.10]

0.57 [0.37 0.71]
–0.14 [–0.49 0.20]

0.42 [0.25 0.57]

0.45 [0.27 0.59]
0.61 [0.33 0.84]
0.07 [–0.32 0.52]
0.18 [–0.13 0.36]

0.26 [0.14 0.42]
0.45 [–0.02 0.77]
0.14 [–0.13 0.38]

0.51 [0.31 0.80]
0.05 [–0.23 0.27]

0.52 [0.41 0.60]

G2, fresh wt. basis
Iron
Zinc
Calcium
Dry matter

of genetic control and amount of genetic variation, the
relationships between the target micronutrients with other
important agronomic and quality traits, and genotype stability for target micronutrients across different environments. In the present study, the additive genetic variance
(VA) was estimated directly making use of the additive
genetic relationships via the A matrix, and the dominance
variance (V D) from the estimate of the full-sib family effect
( s2f ), with the expectation of 1/4V D. This study supports
the hypothesis that tuber micronutrient content is under
genetic control, and in the population studied, this control appeared to be additive. There was insufficient data
to reliably detect any real nonadditive genetic component.
Exploiting the additive gene effects present in this diploid population will result in the genetic improvement of
important micronutrients in potato tubers. Furthermore,
the magnitudes of narrow-sense heritability estimates point
towards individual rather than family-based selection as a
selection strategy for important micronutrients. The moderate heritabilities also suggest that the level of within-family variation is such that superior individuals will potentially
be identified from within a number of families. Graham et
al. (1999) suggested that the mechanisms controlling the
uptake, transport, and loading of micronutrients are likely
to be additive, indicating that emphasis should be placed
on an approach of population improvement from recurrent selection. Parents of the G2 progeny were selected from
individuals of G1 that had higher Fe and/or Zn, but selections also included genotypes with desirable agronomic features. Truncation selection is expected to reduce additive
genetic variance due to Bulmer’s gametic-phase disequilibrium (Falconer and Mackay, 1996). No inference can be
made on this effect with these data, of course, because of
the large sampling errors involved, but it should be noted
1954

that selection in this case was not strictly truncated, and
the selection differential would have been reduced because
many preferred crosses did not result in progeny. There is
limited information available in the published literature
about the genetic control of micronutrient content in staple
crops, including potato, using data from designed crossing
trials. In studies on the variation in potato clones (commercial tetraploid breeding lines and cultivars), Brown et
al. (2010, 2011) estimated broad-sense heritabilities and
reported significant genetic variation and genotype-byenvironment interaction (GEI) for tuber Fe content, but a
scarcity of exploitable variation for Zn tuber content in two
out of three trial locations. A study by Haynes et al. (2012)
on S. tuberosum ´ (S. phureja-S. stenotomum) 4´–2´ clones
found significant levels of genetic variation for a number
of micronutrients and a GEI for Zn. In an assessment of
23 potato genotypes for Zn content after applications of
foliar Zn fertilizers over 4 yr, White et al. (2012) identified
significant genotype differences and environmental effects,
but no evidence of GEI. Burgos et al. (2007) found significant environmental effects and GEI over two highland
locations for Fe and Zn in native Andean diploid accessions, a number of which formed the basis of the breeding
population in the present study. The GEI in this case was
due largely to a rescaling of genotypes suggesting heterogeneity of genetic variance, which is of less concern than if
there had been a significant reranking of genotypes.
Although not apparent in the present study, significant
changes in heritability estimates for tuber mineral content across trials and/or years may be expected, given that
various environmental components affecting crop mineral
availability have been reported, such as the physical and
chemical properties of soil (e.g., White and Zasoski, 1999;
Po et al., 2010). Low heritabilities due to large within-trial
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Figure 1. Marginal posterior distributions for narrow-sense heritability of: (a) vitamin C in Generation 1 (G1); (b) Fe in G1 and G2; (c) Zn in
G1 and G2. Marginal posterior distributions for additive genetic correlation between: (d) Fe and Zn in G1 and G2; (e) Fe and dry matter
content in G1 and G2; (f) Zn and dry matter in G1 and G2; where the broken line is G1 and the solid line is G2, and the vertical lines indicate
the posterior modes of the distributions.

error variances will compromise the selection for micronutrient traits in the early stages of a selection program. Accumulation of Zn (and, to a lesser extent, Fe) in edible portions of food crops is reported to be particularly sensitive to
environmental variables (Pfeiffer and McClafferty, 2007b),
which suggests that more effective strategies to identify
genotypes with high stable mineral expression across environments may be required. Soil Zn deficiency is common
in many crop growing regions (Cakmak, 2008; White and
Zasoski, 1999), and its availability and accumulation in the
edible portions of crops is therefore likely to be a complex
function of soil mineral status and interactions with other
crop science, vol. 54, september– october 2014 	

environment, agronomic, and management factors (e.g., Po
et al., 2010; White and Zasoski, 1999; White et al., 2009).
In durum wheat (Triticum aestivum L.), for example, there
is evidence that the N status affects Fe and Zn accumulation in grain (Kutman et al., 2011) and N availability itself
will be dependent on soil N status and condition, among
other interacting factors. In potato tubers, Zn assimilation in tubers has been linked with the co-transport of N
(White et al., 2012), but in long-term field studies, Šrek et
al. (2010) found no differences in the Fe and Zn content
of tubers under different rates of N, K, and P field treatments. Further research on the extent and type of GEIs of
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key micronutrients in potato would give some indication
of the requirements for MET testing and the benefits of
developing a marker-assisted selection strategy.
In the RCBD, replication of full-sib families should
go some way at least to remove confounding that occurs
between the common environment effect and dominance
effects. Failing to account for nonadditive and nongenetic
effects can inflate heritabilities and reduce the precision
of breeding value estimates. The grouping of families is
common in early-stage trials and is often preferred by the
breeder for practical reasons, for example, visual evaluation of
groups of individuals with known parental combinations. A
common environment effect was fitted in the analysis which
appeared to account for some bias in the additive variance
estimates; ignoring the common environment of full-sibs
increased heritability by 0.22 for Fe and 0.28 for Zn in G1.
Improving heritability estimates may require the dispersal
of family groups which will also help to remove confounding between common environment and dominance effects
(random allocation of individuals rather than families), more
replication (as a trade-off with selection intensity), as well as a
greater understanding and control of the nongenetic factors,
such as soil heterogeneity within a trial. Local field variation
on a scale that may not be accounted for in the trial design
by blocking would be perhaps better accommodated by also
including spatial effects within the mixed model framework
(Gilmour et al., 1997; Piepho et al., 2008).
Difficulties in recovering useful genetic variation
from unadapted wild relatives or landraces are a barrier
for its use in many crop species. Andean landrace potatoes
are a valuable source of germplasm for potato breeding
and an important part of the diet for rural populations in
Peru living in the high Andes (Burgos et al., 2007). Biofortification with Fe and Zn is therefore likely to benefit
poorer communities at risk of micronutrient malnutrition
in this region (Burgos et al., 2007). While diploid landrace potatoes are not adapted outside of the highland tropics, population improvement by recurrent selection at the
diploid level may increase micronutrient trait values and at
the same time improve tuber shape. Taking advantage of
variability for tuber dormancy and selecting for functional
levels of unreduced gametes will enable transfer of gains
obtained at the diploid level to more widely-adapted tetraploid populations and the development of varieties suited
for new environments and wider scale deployment. The
method to increase ploidy level to the tetraploid via the
4´–2´ first division restitution mechanism is well established in potato (Ortiz et al., 1991), but the effects on the
genetic control of micronutrient traits in the 4´ genetic
background will need to be determined.

Genetic Correlations
For the improvement of staple crops, breeding programs will
seek to simultaneously improve important micronutrients
1956

such as Fe and Zn without detriment to yield and quality. In the present study, positive genetic correlations were
found between Fe and Zn, indicating that evaluation and
selection for one will result in concomitant increase in the
other. Repeated analysis using weaker priors of variance
components resulted in a posterior mode of the genetic
correlation between Fe and Zn of 0.80 [0.40 0.91]. Datasets
from several centers of the Consultative Group on International Agricultural Research (CGIAR) have demonstrated
genetic variation and positive correlations between Fe and
Zn across different genotypes of the range 0.44 to 0.61 for
a number of crops including potato, maize (Zea mays L.),
lentil (Lens culinaris Medik.), wheat, and yam (Dioscorea spp.;
Gregorio, 2002; Pfeiffer and McClafferty, 2007b), but these
studies gave no indication of the type of genetic control in
these crops. In the present study, negative genetic correlations were found between dry matter and Fe, Zn, Ca, and
vitamin C (genetic correlation close to zero for vitamin
C in G1) when analyzed on a dry-weight basis. In contrast, these genetic correlation estimates were positive (but
small) when analyzed on a fresh-weight basis. Although
no data were available to investigate further, a possible
explanation may be due to the greater concentration of
some minerals at the surface layers of tubers, as is reported
for minerals such as Fe and Ca (Subramanian et al., 2011).
The higher surface area–volume ratio of small tubers or a
dilution effect as tubers increase in size may result in the
relationship between minerals and dry matter on a freshweight basis being confounded by tuber size (with smaller
tubers tending to have a higher dry matter concentration
than large tubers). A negative genetic correlation between
minerals and dry matter content is not particularly helpful for breeders, as a higher dry matter content is often
associated with favorable sensory and cooking characteristics in potato. Consumer acceptance of new and improved
cultivars has proved difficult when failing to match the
preferred traditional types for certain characteristics. For
example, breeding sweet potato (Ipomoea batatas var. batatas) for high carotene concentration to combat vitamin A
deficiency has encountered market resistance in Uganda,
where the preference is for white roots. An education program has been necessary to increase consumer acceptance
for orange roots in the region (Thomas zum Felde, CIP,
personal communication, 2012). Relatively low levels of
Ca are found in potato tubers, and therefore potatoes are
unlikely to provide a useful source of the macronutrient
given the amount required in the human diet on a daily
basis (Brown et al., 2012). However, as Ca deficiency in
potato tubers is reported to be related to the increased
incidence of several physiological disorders (Palta, 1996), a
better understanding of its genetic control and relationship
with Fe and Zn is likely to be of interest with regard to the
possible consequences of long-term recurrent selection to
enhance tuber micronutrient content. Further studies are
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required to understand the relationships between micronutrient content and agronomic and end-use quality characteristics in potato.
The micronutrient content of tubers reported in this
study indicates that this genetic material will provide a
useful source of dietary Fe and Zn, acting as a suitable base
for further improvement. For example, the maximum
mineral content in the G1 progeny generation (on a freshweight basis) was 10.4 mg kg−1 for Fe and 6.7 mg kg−1
for Zn (data not shown). A household average consumption of 253 g ae −1 d −1 (grams per adult male equivalent per
day) in Peru (Rose et al., 2009) will therefore provide
56% of the estimated average requirement (EAR) of Fe
for children aged 4 to 8 yr and 28% for female adults aged
19 to 30, based on dietary reference intakes (http://fnic.
nal.usda.gov/dietary-guidance/dietary-reference-intakes/
dri-tables, verified 6 May 2014). Similarly, consumption
will provide 37% of the EAR of Zn for children aged 4
to 8 yr and 22% for female adults aged 19 to 30. However, these estimates make a number of assumptions, and
actual values will depend on various factors such as micronutrient bioavailability. The relationship of target micronutrients with promoters and inhibitors may affect bioavailability on consumption (Welch and Graham, 2004).
Pfeiffer and McClafferty (2007b) suggested that strategies
to breed micronutrient-dense crops should consider indirect selection for bioavailability and reduced postharvest
and cooking losses, as well as direct selection for increased
concentration. Vitamin C has been shown to act as a
promoter that enhances the bioavailability of Fe and Zn.
From multivariate analysis in the present study, genetic
correlations between Fe and vitamin C, and between Zn
and vitamin C were essentially zero, given the posterior
modes and credible intervals estimated from these data.

Bayesian Analysis of Genetic Parameters
The implementation of a MCMC procedure to fit the
individual model in this study using the R package
MCMCglmm (Hadfield, 2010) demonstrates that Bayesian approaches, which can be applied to both Gaussian
and non-Gaussian traits, are now more readily accessible
to plant breeders. Other available software such as WinBUGS (Lunn et al., 2000) and MTGSAM (Van Tassell and
Van Vleck, 1996) have been used for tree and crop breeding data to estimate quantitative genetic parameters, for
example, Waldmann et al. (2008) in Scots Pine; and Gonçalves-Vidigal et al. (2008) in common bean. Waldmann
(2009) presented the case for WinBUGS as an evaluation
tool for nonspecialists but Hadfield’s MCMCglmm-R is
arguably more approachable for many plant breeders as
it shares similar syntax with the popular plant breeding
and trial evaluation software ASReml-R (Butler et al.,
2009), a point noted by Apiolaza et al. (2011). That said,
it should not be treated as a black box. The appropriate
crop science, vol. 54, september– october 2014 	

choice of priors is perhaps more important for the analysis
of plant breeding data as small datasets are more typical
than in animal or forest tree breeding studies, and priors
may therefore have a greater influence on the posterior
distribution; in this context, poor prior choice will not be
overwhelmed by the data. A cautionary approach is therefore required in this instance, as priors can sometimes and
unwittingly lead to incorrect inferences for the posterior
modes due to the Markov Chains becoming trapped at a
local maximum. In the present study, alternative priors
were tested, following the recommendations of Gelman
(2006), using the JAGS program (Plummer, 2003) within
R (package rjags). This included a uniform prior on the
variance, standard deviation, and heritability as noninformative priors. Although not shown, results compared
favorably with those obtained using the inverse gamma
distribution, with small equal parameters as the prior distribution for the variances which are, by default, those
used in the MCMCglmm package. It seems reasonable
that estimates from a previous generation (Gn–1) should
be an appropriate choice of priors for the following generation (Gn), which was the approach taken in the present
study. Blasco (2001) and Waldmann and Ericsson (2006)
reviewed the advantages and disadvantages of REML and
Bayesian based methods, as well as the choice of priors,
when applied to the individual animal model.

CONCLUSIONS
Additive genetic effects were important for the micronutrient traits examined in this study, with no detection
of significant nonadditive effects. Genetic correlations
between Fe and Zn were strong and positive. An improvement strategy employing recurrent cycles of selection may
therefore optimize genetic gains in this population for
micronutrients Fe and Zn that are important targets for
the biofortification of potato tubers. The genetic correlations between micronutrients (Fe, Zn, Ca) and vitamin
C were close to zero, and genetic correlations between
micronutrients (Fe, Zn, Ca) and tuber dry matter, an
important sensory and processing character, were negative
when analyzed on a dry-weight basis, and small but positive when analyzed on a fresh-weight basis. Trial design
to remove the common environment of siblings and to
better account for potential local-scale field heterogeneity of mineral availability should be considered. With
publically-available software such as MCMCglmm for
R (Hadfield, 2010), Bayesian procedures to fit the individual model are now more accessible for plant breeders
to estimate variance components and genetic parameters.
As well as breeding issues, it is generally acknowledged
that the success of biofortification in potato and other
crop species will also depend on nongenetic factors such
as mineral bioavailability, palatability, and the acceptance
of new cultivars over traditional types.

www.crops.org

1957

Acknowledgments
We acknowledge Gabriela Burgos and the Quality and Nutrition Laboratory at CIP for sample preparation and data management and Eloy Colachagua for technical assistance. We also
thank Carolyn Lister at The New Zealand Institute for Plant
and Food Research, and two anonymous reviewers for helpful
suggestions that improved the quality of the manuscript. The
research was partially funded by the HarvestPlus program. For
the contribution of authors M.P., P.A., L.A., and A.N., we also
acknowledge the support from Potatoes NZ Charitable Trust.

References
Andre, C.M., M. Ghislain, P. Bertin, M. Oufir, M.d. Rosario Herrera, L. Hoffmann, J.F. Hausman, Y. Larondelle, and D. Evers.
2007. Andean potato cultivars (Solanum tuberosum L.) as a source
of antioxidant and mineral micronutrients. J. Agric. Food Chem.
55:366–378. doi:10.1021/jf062740i
Apiolaza, L.A., S.S. Chauhan, and J.C.F. Walker. 2011. Genetic
control of very early compression and opposite wood in Pinus
radiata and its implications for selection. Tree Genet. Genomes
7:563–571. doi:10.1007/s11295-010-0356-0
Bernardo, R. 2002. Breeding for quantitative traits in plants.
Stemma Press, Woodbury, MN.
Blasco, A. 2001. The Bayesian controversy in animal breeding. J.
Anim. Sci. 79:2023–2046.
Bonierbale, M., W. Amoros, G. Burgos, E. Salas, and H. Juarez.
2007. Prospects for enhancing the nutritional value of potato by
plant breeding. African Potato Conference Proceedings, Egypt.
p. 26–46.
Bouis, H.E., and R.M. Welch. 2010. Biofortification: A sustainable
agricultural strategy for reducing micronutrient malnutrition
in the global South. Crop Sci. 50:S20–S32. doi:10.2135/cropsci2009.09.0531
Brown, C.R., K.G. Haynes, M. Moore, M.J. Pavek, D.C. Hane,
S.L. Love, R.G. Novy, and J.C. Miller. 2010. Stability and
broad-sense heritability of mineral content in potato. Iron. Am.
J. Potato Res. 87:390–396. doi:10.1007/s12230-010-9145-4
Brown, C.R., K.G. Haynes, M. Moore, M.J. Pavek, D.C. Hane,
S.L. Love, R.G. Novy, and J.C. Miller. 2011. Stability and
broad-sense heritability of mineral content in potato. Zinc. Am.
J. Potato Res. 88:238–244. doi:10.1007/s12230-011-9188-1
Brown, C.R., K.G. Haynes, M. Moore, M.J. Pavek, D.C. Hane,
S.L. Love, R.G. Novy, and J.C. Miller, Jr. 2012. Stability and
broad-sense heritability of mineral content in potato: Calcium
and magnesium. Am. J. Potato Res. 89:255–261. doi:10.1007/
s12230-012-9240-9
Burgos, G., W. Amoros, M. Morote, J. Stangoulis, and M. Bonierbale. 2007. Iron and zinc concentration of native Andean potato
cultivars from a human nutrition perspective. J. Sci. Food Agric.
87:668–675 10.1002/jsfa.2765. doi:10.1002/jsfa.2765
Butler, D.G., B.R. Cullis, A.R. Gilmour, and B.J. Gogel. 2009.
ASReml-R reference manual. v. 3. Queensland Department of
Primary Industries & Fisheries, Brisbane, QLD, Australia.
Cakmak, I. 2008. Enrichment of cereal grains with zinc: Agronomic
or genetic biofortification? Plant Soil 302:1–17. doi:10.1007/
s11104-007-9466-3
Egoville, M.J., J.F. Sullivan, M.F. Kozempel, and W.J. Jones. 1988.
Ascorbic acid determination in processed potatoes. Am. Potato J.
65:91–97. doi:10.1007/BF02867457

1958

Falconer, D.S., and T.F.C. Mackay. 1996. Introduction to quantitative genetics. Longman Group Limited, Harlow, UK.
Gelman, A. 2006. Prior distributions for variance parameters in
hierarchical models. Bayesian Anal. 1:515–533. doi:10.1214/06BA117A
Gilmour, A.R., B.R. Cullis, A.P. Verbyla, and A.C. Gleeson. 1997.
Accounting for natural and extraneous variation in the analysis
of field experiments. J. Agric. Biol. Environ. Stat. 2:269–293.
doi:10.2307/1400446
Gonçalves-Vidigal, M.C., F. Mora, T.S. Bignotto, R.E.F. Munhoz,
and L.D. de Souza. 2008. Heritability of quantitative traits in
segregating common bean families using a Bayesian approach.
Euphytica 164:551–560. doi:10.1007/s10681-008-9758-6
Graham, R., D. Senadhira, S. Beebe, C. Iglesias, and I. Monasterio. 1999. Breeding for micronutrient density in edible portions
of staple food crops: Conventional approaches. Field Crops Res.
60:57–80. doi:10.1016/S0378-4290(98)00133-6
Gregorio, G.B. 2002. Progress in breeding for trace minerals in
staple crops. J. Nutr. 132:500S–502S.
Hadfield, J.D. 2010. MCMC methods for multi-response generalized linear mixed models: The MCMCglmm R package. J. Stat.
Softw. 33:1–22.
Haynes, K.G., G.C. Yencho, M.E. Clough, M.R. Henninger, and
S.B. Sterrett. 2012. Genetic variation for potato tuber micronutrient content and implications for biofortification of potatoes to
reduce micronutrient malnutrition. Am. J. Potato Res. 89:192–
198. doi:10.1007/s12230-012-9242-7
Henderson, C.R. 1976. A simple method for computing the inverse
of a numerator relationship matrix used in the prediction of
breeding values. Biometrics 32:69–83. doi:10.2307/2529339
Hirschi, K.D. 2009. Nutrient biofortification of food crops. Annu.
Rev. Nutr. 29:401–421. doi:10.1146/annurev-nutr-080508-141143
Horton, S., H. Alderman, and J.A. Rivera. 2009. Hunger and malnutrition. In: B. Lomborg, editor, Global crises, global solutions.
Cambridge Univ. Press, New York.
Kutman, U.B., B. Yildiz, and I. Cakmak. 2011. Effect of nitrogen on uptake, remobilization and partitioning of zinc and
iron throughout the development of durum wheat. Plant Soil
342:149–164. doi:10.1007/s11104-010-0679-5
Lunn, D.J., A. Thomas, N. Best, and D. Spiegelhalter. 2000.
WinBUGS—A Bayesian modelling framework: Concepts, structure, and extensibility. Stat. Comput. 10:325–337.
doi:10.1023/A:1008929526011
Lynch, M., and B. Walsh. 1998. Genetics and analysis of quantitative
traits. Sinauer Assoc.., Sunderland, MA.
Nestel, P., H.E. Bouis, J.V. Meenakshi, and W. Pfeiffer. 2006. Biofortification of staple food crops. J. Nutr. 136:1064–1067.
Oakey, H., A.P. Verbyla, B.R. Cullis, X.M. Wei, and W.S. Pitchford. 2007. Joint modeling of additive and non-additive (genetic
line) effects in multi-environment trials. Theor. Appl. Genet.
114:1319–1332. doi:10.1007/s00122-007-0515-3
Ortiz, R., S.J. Peloquin, R. Freyre, and M. Iwanaga. 1991. Efficiency of potato breeding using FDR 2n gametes for multitrait
selection and progeny testing. Theor. Appl. Genet. 82:602–608.
doi:10.1007/BF00226797
Palta, J. 1996. Recent advances in plant responses to stress: Bridging
the gap between science and technology. HortScience 31:51–57.
Patterson, H.D., and R. Thompson. 1971. Recovery of block information when block sizes are unequal. Biometrika 31:100–109.
Pfeiffer, W., and B. McClafferty. 2007a. HarvestPlus: Breeding
crops for better nutrition. Crop Sci. 47:S88–S105. doi:10.2135/
cropsci2007.09.0020IPBS

www.crops.org

crop science, vol. 54, september– october 2014

Pfeiffer, W.H., and B. McClafferty. 2007b. Biofortification: Breeding
micronutrient-dense crops. In: M.S. Kang and P.M. Priyadarshan,
editors, Breeding major food staples. Blackwell Publ., p. 61–91.
Piepho, H.P., C. Richter, and E. Williams. 2008. Nearest neighbour adjustment and linear variance models in plant breeding
trials. Biom. J. 50:164–189. doi:10.1002/bimj.200710414
Plummer, M. 2003. JAGS: A program for analysis of Bayesian
graphical models using Gibbs sampling, Proceedings of the 3rd
International Workshop on Distributed Statistical Computing.,
Vienna, Austria.
Po, E.A., S.S. Snapp, and A. Kravchenko. 2010. Potato yield variability across the landscape. Agron. J. 102:885–894. doi:10.2134/
agronj2009.0424
R Development Core Team. 2012. R: A language and environment
for statistical computing. R foundation for statistical computing,
Vienna, Austria.
Rengel, Z., G. Batten, and D. Crowley. 1999. Agronomic approaches
for improving the micronutrient density in edible portions of
field crops. Field Crops Res. 60:27–40. doi:10.1016/S03784290(98)00131-2
Rose, D., G. Burgos, M. Bonierbale, and G. Thiele. 2009. Understanding the role of potatoes in the Peruvian diet: An approach
that combines food composition with household expenditure data. J. Food Compost. Anal. 22:525–532. doi:10.1016/j.
jfca.2008.10.002
Sands, D.C., C.E. Morris, E.A. Dratz, and A.L. Pilgeram. 2009. Elevating optimal human nutrition to a central goal of plant breeding and production of plant-based foods. Plant Sci. 177:377–389.
doi:10.1016/j.plantsci.2009.07.011
Sorensen, D., and D. Gianola. 2002. Likelihood, Bayesian, and
MCMC methods in quantitative genetics. Springer, Berlin.
Spiegelhalter, D.J., N.G. Best, B.R. Carlin, and A. van der Linde.
2002. Bayesian measures of model complexity and fit. J. Roy.
Stat. Soc. Ser. B. (Stat. Method.) 64:583–616. doi:10.1111/1467–
9868.00353.
Šrek, P., M. Hejcman, and E. Kunzová. 2010. Multivariate analysis of relationship between potato (Solanum tuberosum L.) yield,
amount of applied elements, their concentrations in tubers and
uptake in a long-term fertilizer experiment. Field Crops Res.
118:183–193. doi:10.1016/j.fcr.2010.05.009

crop science, vol. 54, september– october 2014 	

Stein, A.J. 2010. Global impacts of human mineral malnutrition.
Plant Soil 335:133–154. doi:10.1007/s11104-009-0228-2
Stein, A.J., J.V. Meenakshi, M. Qaim, P. Nestel, H.P.S. Sachdev,
and Z.A. Bhutta. 2005. Analyzing the health benefits of biofortified staple crops by means of the disability-adjusted life years
approach: A handbook focusing on iron, zinc and vitamin A.
HarvestPlus Technical Monograph No. 4. International Food
Policy Research Institute, Washington, DC.
Subramanian, N.K., P.J. White, M.R. Broadley, and G. Ramsay.
2011. The three-dimensional distribution of minerals in potato
tubers. Ann. Bot. 107:681–691. doi:10.1093/aob/mcr009
Van Tassell, C.P., and L.D. Van Vleck. 1996. Multiple-trait Gibbs
sampler for animal models: Flexible programs for Bayesian and
likelihood-based (co)variance component inference. J. Anim.
Sci. 74:2586–2597.
Waldmann, P. 2009. Easy and flexible Bayesian inference of quantitative genetic parameters. Evolution 63:1640–1643. doi:10.1111/
j.1558-5646.2009.00645.x
Waldmann, P., and T. Ericsson. 2006. Comparison of REML and
Gibbs sampling estimates of multi-trait genetic parameters in
Scots pine. Theor. Appl. Genet. 112:1441–1451. doi:10.1007/
s00122-006-0246-x
Waldmann, P., J. Hallander, F. Hoti, and M.J. Sillanpaa. 2008. Efficient Markov chain Monte Carlo implementation of Bayesian
analysis of additive and dominance genetic variances in noninbred pedigrees. Genetics 179:1101–1112. doi:10.1534/genetics.107.084160
Welch, R.M., and R.D. Graham. 2004. Breeding for micronutrients
in staple food crops from a human nutrition perspective. J. Exp.
Bot. 55:353–364 10.1093/jxb/erh064. doi:10.1093/jxb/erh064
White, P., J. Bradshaw, M. Dale, G. Ramsay, J. Hammond, and M.
Broadley. 2009. Relationships between yield and mineral concentrations in potato tubers. HortScience 44:6–11.
White, P.J., M.R. Broadley, J.P. Hammond, G. Ramsay, N.K. Subramanian, J. Thompson, and G. Wright. 2012. Bio-fortification
of potato tubers using foliar zinc-fertiliser. J. Hortic. Sci. Biotechnol. 87:123–129.
White, J., and R. Zasoski. 1999. Mapping soil micronutrients. Field
Crops Res. 60:11–26. doi:10.1016/S0378-4290(98)00130-0

www.crops.org

1959

