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    Chapter 9   
 Modelling QTL-Trait-Crop Relationships: 
Past Experiences and Future Prospects       

       Xinyou     Yin     ,     Paul     C.     Struik    ,     Junfei     Gu    , and     Huaqi     Wang   

    Abstract     Ecophysiological crop models have long been used to understand crop 
responses to environmental factors and to crop management practices, by integrat-
ing quantitative functional relationships for various physiological processes. In 
view of the potential added value of robust crop modelling to classical quantitative 
genetics, model-input parameters are increasingly considered to represent ‘genetic 
coeffi cients’, which are environment-independent and amenable to selection. 
Likewise, modern molecular genetics can enhance applications of ecophysiological 
modelling in breeding design by elucidating the genetic basis of model-input param-
eters. A number of case studies, in which the effects of quantitative trait loci (QTL) 
have been incorporated into existing ecophysiological models to replace model- 
input parameters, have shown promise of using these QTL-based models in 
 analysing genotype-phenotype relationships of more complex crop traits. In this 
chapter, we will review recent research achievements and express our opinions on 
perspectives for QTL-based modelling of genotype-by-environment interactions 
and even  epistasis on complex traits at crop level.  

9.1         Introduction 

 A major challenge in fi eld- and greenhouse-crop production today is breeding for 
genotypes and realizing their potential in given (often stressful) environments 
to produce suffi cient high-quality products while maintaining the sustainability 
of  production systems and resource use. This goal can be achieved via creating 
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phenotypes of  complex traits   at the level of the crop – the community of mutually 
interacting plants, usually of the same species. A thorough insight into  gene-trait-
crop relationships   is therefore crucial. Currently, there is an increasing recognition 
amongst geneticists and breeders (e.g., Tuberosa and Salvi  2006 ; Dwivedi et al. 
 2007 ; Langridge and Fleury  2011 ;  Messina   et al.  2011 ) and physiologists (e.g., 
Chenu et al.  2009 ; Zhu et al.  2011 ) of immediate need for physiological and 
 computational tools to assist breeders in more effectively analysing, interpreting, 
translating, and integrating the outputs from high-throughput genomics research, 
and to help resolving  genotype  -by- environment    interactions   (G × E) effi ciently and 
selecting the best technology interventions and associated breeding systems for 
their  target trait  s and target environments. 

 Actually, decades ago, process-based physiological models of crop growth have 
already been suggested to be useful tools in supporting breeding (e.g., Loomis et al. 
 1979 ; Spitters and Schapendonk  1990 ). These models quantify causality between 
relevant physiological processes and responses of these processes to environmental 
variables, and, therefore, allow predictions of crop yields not restricted to the 
 environments in which the model parameters have been derived. Crop models 
require environmental inputs (i.e., weather variables and management options) and 
physiological inputs. The latter inputs are used as model parameters for character-
izing genotypic differences. These  genotype  -specifi c parameters, acronymised as 
GSP by  Boote   et al. (see Chap.   8     of this book), are also referred to as ‘   genetic 
 coeffi cients    ’ (White and Hoogenboom  1996 ; Mavromatis et al.  2001 ) or ‘ model-
input traits  ’ ( Yin   et al.  2000a ), implying that  model-input parameters   might be 
(at least partly) under  genetic control  . As model parameters can refl ect certain 
genetic characteristics,  crop modelling   has long been considered a useful computa-
tional tool to assist breeding (Loomis et al.  1979 ; Spitters and Schapendonk  1990 ; 
Boote et al.  2001 ). Shorter et al. ( 1991 ) already proposed collaborative efforts 
between breeders, physiologists and modellers, using models as a framework to 
integrate physiology with breeding. 

 Given the common experience that crop models based on physiologically sound 
mechanisms can quantify and integrate responses of crop yield to both genetic and 
environmental factors, crop physiologists, breeders and modellers have explored the 
potential of using crop models in various aspects of breeding. These activities 
include: (1) identifying main yield-determining  traits  , both under poor and  conducive 
environments for crop growth (Semenov and Halford  2009 ;  Yin   et al.  2000b ; 
Heuvelink et al.  2007 ), (2) defi ning optimum selection environments in order to 
maximize selection progress (Aggarwal et al.  1997 ), (3) optimizing single trait 
 values ( Boote   and Tollenaar  1994 ; Setter et al.  1995 ; Yin et al.  1997 ), (4) designing 
 ideotypes   in which  trade-offs   between confl icting crop traits are properly evaluated 
(Spitters and Schapendonk  1990 ; Penning de Vries  1991 ;  Dingkuhn   et al.  1993 ; 
Kropff et al.  1995 ; Haverkort and Kooman  1997 ), and (5) assisting multi-location 
testing (Dua et al.  1990 ) and explaining G × E (Mavromatis et al.  2001 ; van  Eeuwijk   
et al.  2005 ;  Bertin   et al.  2010 ). Some of these explorative activities were  summarised 
by Boote et al. ( 2001 ). 
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 However, crop physiology has not contributed much to breeding (Jackson et al. 
 1996 ). All the above-mentioned studies, based on model simulations, are to give 
suggestions that breeders may use. Stam ( 1998 ) and Koornneef and Stam ( 2001 ), 
from a geneticist’s and breeder’s point of view, expressed their concerns about this 
model-based approach that ignores the inheritance of the  model-input traits  . For 
example, for designing  ideotypes   by modelling, it is assumed, either tacitly or 
explicitly, that these  traits   can be combined at will in a single  genotype  . Such an 
assumption ignores the possible existence of constraints, feedback mechanisms and 
correlations among the traits. Constraints might be imposed simply by the fact that 
little genetic variation exists in the genetic material available for selection. Thus, 
models may not identify those traits for which gain via breeding may be easiest 
(Jackson et al.  1996 ). Correlations between the traits, due either to a tight linkage 
between  genes   or to a single gene that affects multiple traits ( pleiotropy  ), may 
 seriously hamper the realization of an ideotype (for example, an early-maturing 
potato cultivar with high resistance against late blight; Visker et al.  2003 ;  Struik   
 2010 ). Knowledge of the genetic basis of phenotypic variation, even described in 
terms of model-input traits, is crucial for a successful breeding programme (Stam 
 1998 ). Therefore, understanding the inheritance of the model parameters within the 
framework is required (Stam  1998 ). To assist the development of effi cient  breeding 
strategies  ,  crop modelling   requires quantitative understanding of the inheritance of 
the  model-input parameters  . 

 Largely to that end, there have been a growing number of studies that combine 
 crop modelling   with modern genetic approaches. In this chapter, we review recent 
research experiences on elucidating the  QTL  -trait-crop  relationships   by integrating 
crop systems modelling and genetic  QTL mapping  . Other roles of crop modelling 
in genetics and breeding will also be explored. Future prospects in this research line 
are discussed in the context of assisting  crop improvement   programmes.  

9.2     Complementarity of Crop Modelling 
and Genetic Mapping 

 In genetics, complex crop  traits   can be unravelled into the effects of individual 
 QTL   –  quantitative trait loci   (Paterson et al.  1988 ), commonly using the materials of 
a  segregating population   derived from a  bi-parental cross  . A common result of QTL 
analysis of complex crop traits is that QTL expression is usually conditional on the 
environment and this greatly impedes the application of QTL-mapping information 
for manipulating  complex traits   (Stratton  1998 ). 

 Crop models can potentially be of help in this respect to better address  genotype  - 
phenotype   relationships  , provided that  model-input parameters   can be easily 
 measured ( Yin   et al.  2004 ) and vary little with environmental conditions (Reymond 
et al.  2003 ; Tardieu  2003 ). Model-input parameters (or ‘ genetic coeffi cients  ’) refl ect 
effects of genetic origin in the way that one set of parameters represents one 
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 genotype (Tardieu  2003 ). Hence, the models manifest that the crop  phenotype   is 
achieved through nonlinear interactive and ontogenetic responses of component 
processes to multiple environmental factors. Such an approach has added value to 
classical genetics, since geneticists often ignore or overlook competition, density, 
nutrient supply, morphology, physiology and  plasticity  , lumping such matters 
vaguely under the ‘G × E’ term or introducing simple response functions in their 
statistical models (e.g., van  Eeuwijk   et al.  2005 ). 

 To enhance applications of ecophysiological modelling in genetic analysis and 
breeding, understanding the genetic basis of  model-input parameters   is essential. 
 Yin   et al. ( 1999a ,  b ) fi rst showed that the  QTL   approach can be applied to model- 
input parameters to elucidate their inheritance. Such attempts have resulted in an 
integrated approach of so-called ‘QTL-based ecophysiological modelling’ (Fig. 
 9.1 ), which links  crop modelling   with genetics, focusing on the G × E problem and 
 genotype  -phenotype  relationships  . The  QTL-based models   can be used to predict 
performance of any genotype in any environment.

   This approach of  QTL  -based  modelling   was fi rst illustrated to predict a very 
complex trait – the grain yield of barley ( Hordeum vulgare ) by  Yin   et al. ( 1999a ,  b , 
 2000a ). The same approach for QTL-based modelling analyses was applied to crop 
 traits   such as leaf elongation rate in maize (Reymond et al.  2003 ) and fl owering time 
in barley (Yin et al.  2005 ), rice (Nakagawa et al.  2005 ) and  Brassica oleracea  
(Uptmoor et al.  2008 ,  2012 ), fruit quality in peach (Quilot et al.  2004 ,  2005 ) and 
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  Fig. 9.1    Illustration of  QTL  ( quantitative trait loci  )-based  crop modelling   to predict complex 
  phenotypes  . Values of  model-input traits   were estimated from the effects of their identifi ed  QTL   to 
replace the original values of the  traits  . QTL-based trait values  ŷ  j  were calculated using a simplest 
genetic model, in which m̂  is the estimated intercept,  g  ij  is the genetic (additive effect) predictor of 
the  i -th QTL  genotype   for the  j -th individual of the mapping population,  â  i  is the estimated  additive 
effect of the  i -th QTL on the trait ( i  = 1, 2, …,  n ). This fi gure predominantly illustrates the 
structure of a typical crop model using the Forrester’s symbols. In such a crop growth model, cli-
matic factors (e.g., radiation,  temperature  , …), soil conditions, and crop parameters are inputs, and 
model simulation gives output of  complex traits   such as crop yield       
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tomato ( Bertin   et al.  2010 ; Prudent et al.  2011 ), maize kernel number (Amelong 
et al.  2015 ), and Arabidopsis stomatal conductance (Reuning et al.  2015 ), all 
 relatively simple traits with well-defi ned infl uences of some dominant environmen-
tal factors (such as vapour pressure defi cit, soil moisture content,  temperature   and 
photoperiod). In the domain of morphological traits, the phenotypic effects of QTL 
for culm length, grain number, and grain size have been simulated using morpho-
logically explicit models in barley ( Buck-Sorlin    2002 ) and in rice ( Xu   et al.  2011 ; 
see Chap.   2     of this book by Xu and Buck-Sorlin). These studies on relatively simple 
developmental, morphology-related or growth traits demonstrate that the approach 
can unravel G × E, and highlight the potential to analyse more  complex traits   
 manifested through season-long growth dynamics (see  Gu   et al.  2014b ). 

 In short,  genetic mapping   dissects a quantitative trait into various genetic 
 factors –  QTL   (Paterson et al.  1988 ), but it can only predict the trait  phenotype   in 
independent new environmental conditions to a limited extent (Stratton  1998 ). 
Ecophysiological modelling can reveal how G × E comes about (Tardieu  2003 ), but 
it does not consider the genetic basis of model parameters that describe genotypic 
differences. Combining ecophysiological modelling and genetic mapping can dis-
sect  complex traits   into  component trait  s, integrate effects of QTL of the component 
 traits   over time and space at the whole-crop level, and predict yield performance of 
various genetic make-ups under different environmental conditions.  

9.3     Roles of Modelling in Assisting Genetic Analysis 
and Breeding 

 There is  in silico  evidence that this combined modelling and genetic approach can 
facilitate translating the  QTL    mapping   into more effi cient  marker-assisted breeding   
strategies ( Hammer   et al.  2006 ). To this end, more accurate crop models would 
facilitate the improvement of effi ciencies of combined model- and marker-assisted 
breeding. In this section we summarise, in abroad sense, the applications of model-
ling in support of genetic analysis and breeding programme. 

9.3.1     Models Can Support Phenotyping for the  QTL   Mapping 

 A pre-requisite of the proper use of phenotypic data for quantitative genetic analysis 
is that the phenotypic data of the different genotypes should be collected under the 
same environmental conditions and at the same plant developmental stage. On the 
other hand, quantitative genetic analysis requires screening of a large population to 
realize the required genetic resolution based on high power of the analyses. 
Complicated statistical analyses and experimental designs were often used to 
remove environmental errors, for example, caused by heterogeneity in the 
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experimental fi eld. But for highly sensitive  traits   (such as photosynthesis), microcli-
mate fl uctuations could also obscure the genetic effects existing in the population. 
Ecophysiological models based on solid physiological knowledge could be useful 
tools to standardize the measurements ( Gu   et al.  2012a ). Using model-based stan-
dardization, several  QTL   related to photosynthesis were found under fl uctuating 
fi eld conditions, and were confi rmed in independent greenhouse environments. 
Ecophysiological models can thus play a role in improving the quality of data on 
traits that are sensitive to environmental changes. 

 Another example was reported by  Yin   et al. ( 1999a ), who mapped  specifi c leaf 
area   (SLA) in a barley  recombinant inbred line   s   population. After adjusting SLA 
values measured at the same chronological time to values at the same physiological 
age, the effect on SLA from the  denso  gene was no longer signifi cant. The effect of 
the  denso  gene detected at the same chronological time was therefore the conse-
quence of its direct effect on fl owering time. An ecophysiological model can thus 
indeed assist  QTL   analysis by removing either environmental noise or indirect 
effects from other  traits  . 

 Breeders often have a crude method of  phenotyping  . Modelling can help to 
upgrade their phenotyping activities. Khan ( 2012 ) used several expressions to 
describe phasic development curves of canopy cover dynamics in potato. Not only 
the overall area under the curve but also individual model parameters were found to 
vary among individuals of a mapping population, and the parameters most related 
to the area under the curve were identifi ed, providing the trait components select-
able for improving canopy light interception and biomass yield.  

9.3.2     Models Can Dissect Complex Traits into Physiological 
Components 

 Physiological modelling can dissect  complex traits   (e.g., photosynthesis or yield) 
into physiological  component trait  s.  Gu   et al. ( 2012b ) used a photosynthesis model 
to dissect photosynthesis into: (1)  stomatal conductance   g s , (2)  mesophyll conduc-
tance   g m , and (3) electron transport capacity  J  max  and Rubisco carboxylation  capacity 
 V  cmax . Using the crop growth model  GECROS  , yield was connected to, and dissected 
into seven physiological input parameters (Gu et al.  2014b ). By dissecting complex 
 traits   into physiologically meaningful component traits, it is possible to assess 
genetic variation for each component trait and evaluate its relative importance by 
sensitive analyses or regression analyses. For example, genetic variation in 
 light-saturated photosynthesis and  transpiration effi ciency   was found to be mainly 
associated with variation in  g  s  and  g  m  (Gu et al.  2012b ). The physiological input trait 
‘total crop nitrogen uptake at maturity’ was found to have the most signifi cant effect 
on yield (Gu et al.  2014b ). Similarly, Prudent et al. ( 2011 ) combining an 
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ecophysiological modelling and  QTL   analysis, identifi ed key elementary processes 
and genetic factors underlying tomato fruit sugar concentration. All these results 
show that the physiological model could be helpful to decide on priority targets for 
breeding, although possible impact remains to be validated through actual breeding 
and fi eld testing.  

9.3.3     Models Can Integrate and Project Single Organ Level 
Genetic Variation to Crop Level 

 Modelling not only can dissect  complex traits   into physiological relevant compo-
nents, but can also integrate effects of  QTL   of the  component trait  s over time and 
space, and predict complex  traits   at the whole-crop level of various genetic make- 
ups under different environmental conditions ( Yin   and  Struik    2010 ). This could be 
useful to evaluate the effect of changes in a single trait or single trait-related  QTL   
on a crop, while keeping other traits constant to avoid the confounding effects from 
other physiological processes, which is not plausible in a ‘real’ experiment. For 
example, as stated earlier, improving photosynthesis is generally thought crucial for 
improving plant production, but often no correlation or even negative correlations 
between photosynthesis and plant production were observed (Evans and Dunstone 
 1970 ; Teng et al.  2004 ; Zhao et al.  2008 ; Jahn et al.  2011 ;  Gu   et al.  2014b ). The 
reason for this discrepancy could be that plants differed genetically in many respects 
other than photosynthesis. Hence, Gu et al. ( 2014a ) used the crop model  GECROS  , 
and found that the natural genetic variation in leaf photosynthesis within our experi-
mental mapping population would result in equivalent differences in production 
when scaled up to crop level. The ability of integration and upscaling can also help 
evaluate impacts of QTL for a specifi c organ-level trait at crop level in a different 
environment. Using the CROPGRO- soybean    model  ,  Messina   et al. ( 2006 ) estimated 
the effects of QTL markers from a set of  near-isogenic lines   and satisfactorily 
 predicted the variation of yield across fi ve years and eight sites among an indepen-
dent set of soybean cultivars. Chenu et al. ( 2009 ), using the crop model  APSIM  -
Maize, evaluated a QTL accelerating leaf elongation on maize yield. This QTL 
could cause a yield increase in an environment with water defi cit before fl owering, 
but reduced yield under  terminal drought   stress. This information could be used in 
breeding for specifi c environments or for facing the challenges caused by  climate 
change  . Most importantly, the feature of integration could allow for designing 
  ideotypes   of various genetic make-ups underlying physiological processes. Based 
on the genetic variation and resulting QTL for each physiological component in 
photosynthesis, it was shown that the ideotype for leaf-level photosynthesis and 
 transpiration effi ciency   (TE) could potentially be improved by 17.0 % and 25.1 %, 
respectively (Gu et al.  2012b ).  
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9.3.4     Ecophysiological Model May Help to Resolve Genetic 
Complexities 

 A simple genetic model can be assumed for  QTL   analysis of the  component trait  s, 
but more sophisticated  genetic control   (G × E, and  epistasis  , i.e., the interaction 
between  genes  ) on the complex trait per se can be manifested when QTL-based 
parameter values are fed-back to the ecophysiological model. As discussed earlier, 
use of ecophysiological models to predict and interpret G × E has been widely 
 recognised and exemplifi ed (Reymond et al.  2003 ;  Yin   et al.  2005 ;  Messina   et al. 
 2006 ; see Chaps.   3    ,   4    ,   5    ,   6    ,   7    , and   8     of this book). The use of the models to interpret 
epistasis is less recognised. Epistasis is often found for phenotypes that are 
achieved through interactive and interrelated metabolic and ontogenetic pathways 
(Lee  1995 ). It might be reduced or even disappear if input  traits   of a model that 
accounts for interrelations among relevant processes are subjected to analysis. 
Such possibility agrees with the awareness of geneticists that epistasis can often be 
removed by a physiologically based scaling of trait values (Kearsey and Pooni 
 1996 ). For  example, crop yield is analysed in agronomy as the product of several 
yield component traits; independent  QTL   on various yield components must 
exhibit an epistatic effect on yield (Yin et al.  2002 ).  Chapman   et al. ( 2003 ) used the 
crop model  APSIM   to  generate a state space of  genotype   performance based on 15 
genes controlling 4 traits and then search this space for selection. They showed 
complex epistatic and G × E effects were generated for yield even though gene 
action at the trait level had been defi ned as simple  additive effects  . Similarly, White 
and Hoogenboom ( 1996 ), Messina et al. ( 2006 ), and White et al. ( 2008 ) used sim-
ple linear additive models to regress  model-input parameters   against several known 
gene loci across cultivars or genotypes, implicitly modelling the epistatic effects of 
these genes on the aggregated traits such as yield or days to fl owering. It should be 
acknowledged that use of crop models to resolve epistasis in real experimental 
populations may be a more diffi cult task than to resolve G × E, and for the required 
accuracy crop models should evolve into  crop systems biology   models (see 
Chap.   1     of this book by  Baldazzi   et al.).  

9.3.5      QTL  -Based Modelling Can Quantify Constraints 
in Breeding 

 Model simulation could inspire breeders. However, Stam ( 1998 ) and Koornneef and 
Stam ( 2001 ), from a geneticist’s perspective, expressed their concerns that the igno-
rance of the inheritance of the  model-input parameters   is a major constraint for 
breeders to adopt the results of model-based approaches. Often in  ideotype design   
by modelling, modellers implicitly assumed that plant  traits   can be combined at will 
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into a single  genotype  . As stated earlier, such an unrealistic practice ignores the 
 possible existence of constraints, feedback mechanisms and correlations among 
traits. By integrating  crop modelling   with genetics –  QTL  -based  modelling  , it is 
possible to evaluate constraints in breeding either due to limited genetic variation or 
to correlations.  Gu   et al. ( 2012b ) showed  trade-offs   between improving photosyn-
thesis and TE either due to tight linkage or to  pleiotropic effects   of  QTL   related to 
 g  m  and  g  s . If the linkage between  g  m  and  g  s , or  co-location of QTL   of  g  m  and  g  s  could 
be broken, the  virtual ideotype   could have both improved photosynthesis and 
TE. The quantitative importance of breaking this linkage could be used together 
with insights of geneticists about chances of success in guiding decisions in breeding 
programmes, thus strengthening the scientifi c basis for designing breeding activities.  

9.3.6      QTL  -Based Modelling Can Assist Marker-Assisted 
Selection 

 Marker-assisted selection (MAS), combined with conventional breeding approaches, 
has been used to effectively integrate major  genes   or  QTL   with large effect into 
widely grown varieties (Jena and Mackill  2008 ). The use of cost-effective DNA 
markers and a MAS strategy will provide opportunities for breeders to develop 
high-yielding, stress-tolerant, and better quality rice cultivars. For example, pyra-
miding different resistance genes using MAS provided opportunities to breeders to 
develop broad-spectrum resistance against diseases and insects (Huang et al.  1997 ). 
An example of the latter approach is the insertion of cassettes of up to four resis-
tance genes from wild potato species into existing cultivars using cisgenesis tech-
niques to make these existing cultivars resistant to late blight (Haverkort et al.  2009 ). 
By stacking several resistance genes, the resistance cannot be broken easily by the 
causal agent  Phytophthora infestans , certainly not when this approach is combined 
with a well-designed resistance management strategy (Haverkort et al.  2009 ). 

  Gu   et al. ( 2014b ) also showed that the existing  GECROS   model can be a useful 
tool to enhance  marker-assisted breeding   through a  model-based ideotype design  . 
Using the principles for  QTL  -based  modelling   as defi ned earlier ( Yin   et al.  2000a , 
 2004 ,  2005 ), marker-based  crop modelling   was performed to rank the markers 
 identifi ed for various yield-determining physiological  traits   that are input parame-
ters of GECROS (Table  9.1 ). It was found that the relative importance of markers 
differed markedly between well-watered and drought-stressed environments (the 
correlation coeffi cient in the rank between the two environments was 0.09;  P  > 0.10). 
Such an analysis detected markers that breeders can prioritize in their MAS 
 programmes for specifi c environments. Gu et al. ( 2014b ) showed that compared 
with identifi cation of markers through multiple regression for yield per se, the 
model-based approach identifi ed additional  QTL   and could be complementary to 
the analysis of yield per se.
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9.4         Past Experiences in Integrating Ecophysiological 
Modelling and Genetic Mapping 

 The main purpose of practising  QTL  -based ecophysiological modelling on the basis 
of using a mapping population is to predict genotypic impact on phenotypes, in 
contrast to conventional  crop modelling   which usually aims to predict the impact of 
environmental variables on crop productivity. The following contains summaries of 
current experiences. 

   Table 9.1    Percentage of the phenotypic variation in yield among rice introgression lines (ILs) ( R  2 ) 
accounted for by different sets of simulations using the marker-based version of the  GECROS   
model, when markers were fi xed one at a time to calculate different sets of marker-based parameter 
inputs for GECROS. Marker positions are denoted as ‘Chr_cM’, that is, Chromosome_centiMorgan, 
as identifi ed during  QTL  -analysis (Based on  Gu   et al. ( 2014b ))   

 Fixed marker  Well-watered  Drought-stressed 

 Chr_cM  Name   R  2  (%)  Rank   R  2  (%)  Rank 

 1_9.5  RM8068  51.6  11  42.6  13 
 1_25.4  RM8145  53.9  18  41.4  10 
 1_98.1  RM306  51.6  11  39.5  6 
 1_124.8  RM1152  50.9  9  44.6  18 
 2_92.5  RM475 a   46.2  3  37.7  5 
 2_110.9  RM1367  51.7  14  45.5  19 
 2_139.3  RM8030 a   34.2  1  40.9  9 
 3_79.1  RM251  47.9  5  46.2  20 
 3_108.4  RM338 b   52.6  17  29.8  1 
 4_25.5  RM518  59.4  20  44.1  17 
 4_123.8  RM2799  51.8  16  40.2  7 
 5_20.6  RM7302 b   51.6  11  33.2  2 
 7_43.5  RM432  50.7  8  36.9  4 
 7_47  RM11  51.7  14  43.8  16 
 7_81.05  RM3753  49.4  7  41.9  11 
 8_83.7  RM284 a   45.7  2  42.6  13 
 9_0.8  RM5799  48.3  6  42.6  13 
 9_64.4  RM410 a, b   47.3  4  35.9  3 
 10_87.1  RM294A  51.1  10  40.5  8 
 12_61.6  RM1261  53.9  19  42.1  12 
 Baseline simulation  51.6  42.6 

  The baseline simulation gives the  R  2  values for the simulation, in which no marker was fi xed, i.e., 
IL-specifi c allelic values (−1 or 1) were used for all markers in calculating marker-based inputs; 
for other sets of simulations, markers were fi xed one at a time, in which all ILs were assumed to 
carry an identical allele (i.e., 0) at the locus of the considered marker in calculating marker-based 
inputs 
  a These markers were also identifi ed for yield per se under well-watered conditions 
  b These markers were also identifi ed for yield per se under drought-stressed conditions  
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9.4.1     Models Generally Perform Better in Simulating 
Phenotypic Differences Caused by Environmental 
Variation than by Genotypic Differences 

 This may not be surprising given that when individuals of mapping population are 
phenotyped in multiple environments, it is common that variance due to environmen-
tal differences is much more signifi cant than the variance due to genotypic  differences 
( Yin   et al.  2000a ,  b ;  Gu   et al.  2012b ; Khan et al.  2014 ). Crop models generally per-
form well in assessing the impact of signifi cant environmental variation due to changes 
in climatic variables and nutrient availabilities, as most existing crop models were 
built to predict the impact of environmental variables on crop productivity. It is a 
 challenge to predict the impact of a subtle change in  traits   among relatively similar 
lines within a breeding population. Therefore, model’s suitability in analysing 
  genotype  -to-phenotype  relationships   in an experimental population needs critical 
examinations (Parent and Tardieu  2014 ). The following two aspects deserve particular 
attentions. First, better modelling of the fi nal spikelet or seed number of cereals under 
stress conditions is needed as stress sensitivity of this sink- size trait often shows larger 
genetic variability than that of the source-activity traits. Second, the genetic difference 
in response to soil environments is currently subject to huge uncertainty, due partly to 
the lack of suffi cient site-specifi c information about the soil and partly to uncertainties 
in modelling root growth and soil processes (Gu et al.  2014b ; Khan et al.  2014 ). There 
is an obvious need for robust algorithms for rooting density and depth for resource 
capture from the soil and their genotypic variabilities.  

9.4.2     Some Model-Input Parameters Do Not Contribute 
to the Model in Explaining Differences 
among the Genotypes 

 The importance of model parameters in contributing to explaining yield differences 
among individuals of mapping population can be evaluated by fi xing them once at a 
time at their average value ( Yin   et al.  2000b ; Khan et al.  2014 ). It is expected that 
the model explained percentage of yield differences will drop if the parameter fi xed 
is important for yield determination. Counter-intuitively, fi xing some parameters, 
which seem to be physiologically important, even increased the explained percent-
age of phenotypic variation. Identifi ed examples for such parameters are:  specifi c 
leaf area   (SLA), leaf nitrogen content, post-fl owering duration for barley (Yin et al. 
 2000b ), vegetative growth period and maximum  plant height   for potato (Khan et al. 
 2014 ). Similarly, when introducing genetic variation of individual biochemical 
parameters of leaf-photosynthesis into the photosynthesis sub-model of  GECROS  , 
the variation of yield accounted for by GECROS decreased signifi cantly for both 
well-watered and drought-stressed conditions ( Gu   et al.  2014b ). Such model based 
 sensitivity analysis   suggests whether or not the model has incorporated right 
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parameters in explaining yield differences among genotypes in a population. The 
reasons for the unimportance of those seemingly important parameters in terms of 
yield physiology in explaining genetic differences among genotypes remain to be 
elucidated.  

9.4.3     Some Model-Input Parameters Are Hard to Measure 
for the Whole Population, and  Heritability  Estimates ( h  2 ) 
of Model-Input Parameters Are Generally Lower 
than Those of Classical Plant Traits 

 Some  model-input parameters   are used in crop models in a tabular form, e.g., 
 coeffi cients for assimilate partitioning among growing organs in Wageningen 
SUCROS- family models. Determining values of these coeffi cients require frequent 
destructive samplings during growing season, which can be implemented in classical 
agronomic experiments but are practically infeasible for individual lines of a map-
ping population. These types of parameters certainly do not allow high throughput 
measurements, and many of them need many steps to measure. Measurement noise 
accumulates over steps; some parameters require curve-fi tting method to estimate, 
which again involves some fi tting uncertainty/noise (also see Chap.   5     by  Luquet   
et al.). So, the  h  2  for measured phenotypic data of these parameters is often lower 
than for  traits   relating to classical agronomic, plant size, and architecture traits. This 
is in analogy to the result of Jahn et al. ( 2011 ) that physiological traits such as 
  stomatal conductance   (which involve various steps of measurements and calcula-
tions) had a lower  h  2  than the classical agronomic and morphological traits. As a 
consequence, the percentage of phenotypic variation explained ( r  2 ) by  QTL   identi-
fi ed for model parameters is often lower than the  r  2  of QTL for classical plant traits 
if measured in the same experiments ( Yin   et al.  1999b ;  Gu   et al.  2014b ).  

9.4.4     The Percentage of Phenotypic Variation of a Complex 
Trait Accounted for by the  QTL  -Based Model Is 
Comparable with, or Slightly Lower Than, That Obtained 
from the Original Parameter Values 

  QTL  -based model parameters values derived from QTL-statistics can partly remove 
the noise of phenotypic values of  model-input parameters  . On the other hand,  QTL   
identifi ed by mapping analysis account for only part of genetic variance of param-
eters. So, a common feature of these studies is that predictability of  QTL-based 
models   is nearly comparable with that of the model using original parameter values 
(see Fig.  9.2  for an example), as the gain from removing random noise in original 
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parameters by QTL-statistics is roughly cancelled out by the loss due to the fact that 
the identifi ed QTL cannot explain 100 % of the genetic variance of the parameter 
values (e.g.,  Yin   et al.  2000a ,  2005 ; Reymond et al.  2003 ;  Gu   et al.  2014b ). However, 
QTL-based models can predict the performance of genotypes that were not pheno-
typed for model-input parameters (Fig.  9.2c ) as long as marker data at or near QTL 
are available for these genotypes.

  Fig. 9.2    Comparison between observed maize leaf elongation rates LER and those fi tted by a 
simple ecophysiological model for LER ( A ), simulated by the model using  QTL  -based model input 
parameters ( B ), and QTL-based model predicted LER for those  recombinant inbred line   s    RILs   that 
were not included for QTL analysis ( C ) (Redrawn from Reymond et al.  2003 )       
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9.4.5        Despite the Outnumbering of  QTL   for Model-Input 
Parameters Relative to Those for the Complex Trait per 
Se, the Percentage of Phenotypic Variation of a Complex 
Trait Accounted for by Its QTL of Model- Input 
Parameters Is Lower than That Obtained 
from Complex-Trait QTL 

 Current  QTL   statistics can hardly fi nd more than eight  QTL   for a quantitative trait 
to avoid false positives in QTL analysis (Kearsey and Farquhar  1998 ), although this 
may greatly depend on the population size. Therefore, rather than looking for QTL 
for a complex trait itself, determining QTL for underlying  component trait  s might 
give more information. Indeed, using crop models to dissect a complex trait into its 
individual components will help to identify more QTL than analysing the complex 
trait per se ( Gu   et al.  2014b ; Amelong et al.  2015 ). However, the percentage of 
 phenotypic variation of a complex trait accounted for by its QTL of  model-input 
parameters   is lower than that obtained from complex-trait QTL (Prudent et al.  2011 ; 
 Yin   et al.  2000a ; Gu et al.  2014b ). Low predictability of the models could be the 
reason for that. However, even when yield is dissected into yield components using 
a simple arithmetic formula (typically: yield is equal to the product of yield compo-
nent  traits  ) and the formula perfectly predicts yield variation, the percentage of 
phenotypic variation of yield accounted for by QTL of its component traits is lower 
than that obtained from complex-trait QTL (Yin et al.  2002 ; Fig.  9.3 ). This suggests 
that  phenotyping   of model-input parameters and yield component traits may involve 
more random noise.

9.4.6        Number of  QTL   Identifi ed for Model-Input Parameters 
Based on a Bi-parental Population Is Limited; Most 
Model-Input Parameters Are Often Affected by 
the Pleiotropic Effect of 1–2 Major  QTL   

 Dominance of a major  QTL   is a common phenomenon, presumably due to the 
 contrast between the parents intentionally chosen in making the bi-parental  mapping 
population. Typically, one parent represents a modern cultivar that is currently 
widely cultivated whereas the other is an old traditional  genotype   that was probably 
cultivated before the  Green Revolution  . This means that one or two major  genes   are 
segregating in the population. Very often major genes not only affect major morpho-
logical characteristics and yield level, but also have  pleiotropic effects   on multiple 
phenological and physiological  traits   including  model-input parameters  . This has 
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been shown by, for example, the  denso  gene in barley ( Yin   et al.  1999a ,  b ),  rht  genes 
in wheat (Baenziger et al.  2004 ; Laperche et al.  2006 ; White  2006 ), the maturity- 
class gene on chromosome V in potato (Khan  2012 ), and the RM410 locus on chro-
mosome 9 in rice ( Gu   et al.  2012a ). Of these, the  denso  gene in barley is particularly 
pleiotropic and its dominant effect is ubiquitous, not only on  plant height  , yield and 
yield components (Yin et al.  1999b ), but also for fl owering parameters (Yin et al. 
 2005 ) and traits like SLA (Yin et al.  1999a ) and nitrogen use effi ciency (Kindu et al. 
 2014 ).  

  Fig. 9.3    Comparison between observed values of grain yield and those predicted from  quantita-
tive trait loci   (QTL)    identifi ed for yield itself, and between observed values of grain yield and those 
predicted from  QTL   identifi ed for its three  component trait  s: spikes per m 2 , number of kernels per 
spike and 1000-kernel weight (Redrawn from  Yin   et al.  2002 )       
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9.4.7     Medium-Size Population Is the Best Option That 
Combines Feasibility and Robustness in Integrated 
Ecophysiological Modelling and Genetic Mapping 
Studies 

 From a statistical point of view, the larger is the population, the more robust is  QTL   
 mapping   (Vales et al.  2005 ). Going for a large population size is generally not 
 feasible because most individual input parameters in existing crop models do not 
allow  high-throughput phenotyping  . Because of the cost and/or time needed, 
researchers often went for selective  phenotyping  , and some were even pushed to 
 phenotype   only 46 individuals as a subset of a population to identify  QTL   for 
 model-input parameters   (Uptmoor et al.  2012 ), thereby, greatly sacrifi cing the sta-
tistical power of QTL detection. In that sense, crop models should be improved in a 
way that most parameters would be measurable in phenotyping facilities ( Yin   et al. 
 2004 ; Parent and Tardieu  2014 ). Before such a model becomes available, a 
medium-size population consisting of ca 100 individuals as a comprise of pheno-
typing feasibility and QTL-detection robustness, may be the best option, if model 
input-parameters can be measured with the currently available methods. If model 
input-parameters are hard to measure, it is better to use an  introgression line   (IL) 
population other than populations like  recombinant inbred line   s   (RILs)   , doubled-
haploid lines (DHs), as ILs differ in a lower number of loci. For example, leaf 
 photosynthesis is commonly measured by gas exchange that does not allow high-
throughput phenotyping. In a study where the entire light- and CO 2 -response curves 
needed to be phenotyped via gas exchange,  Gu   et al. ( 2012b ) chose 13 ILs (including 
parents) and did succeed to localize the genomic regions for seven parameters of a 
biochemical photosynthesis model.   

9.5     Future Prospects 

9.5.1     Understanding  Physiological Basis of   QTL
     and Genetic Variation 

 From a physiologists’ point of view, a logic step following the mapping of genetic 
basis (i.e.,  QTL   analysis) of a physiological trait is to elucidate the deeper-level 
physiological basis of the detected  QTL   underlying its genetic variation. Few stud-
ies have investigated the  physiological basis of QTL   underlying genetic variation of 
quantitative  traits  . The physiological basis of QTL may best be elucidated with 
physiological models that dissect  complex traits   into individual  component trait  s. 
This was recently reported for leaf photosynthesis. QTL for light saturated leaf 
photosynthesis ( A  max ) and other related traits were fi rst identifi ed using an  introgres-
sion line   population ( Gu   et al.  2012a ). To elucidate the physiological basis of these 
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QTL, combined gas exchange and chlorophyll fl uorescence data were collected for 
entire CO 2  and light response curves of leaf photosynthesis ( A ), with which bio-
chemical and physiological parameters of a combined conductance-biochemical 
photosynthesis model were estimated. Because measuring entire response curves is 
time consuming and does not allow high throughput, 13 lines (including the two 
parents) were carefully selected as representatives of the population, based on the 
QTL for leaf photosynthesis reported by Gu et al. ( 2012a ). The curves were assessed 
at two stages (fl owering and grain fi lling) for plants grown under moderate drought 
and well-watered conditions (Gu et al.  2012b ). Using these curves, photosynthesis 
was then quantitatively dissected into three different physiologically relevant 
 component traits: (1)  stomatal conductance   ( g  s ), (2)  mesophyll conductance   ( g  m ), 
and (3) biochemical effi ciency and capacity. Although the effects of development 
stage and water supply on photosynthesis were predominant, signifi cant genetic 
variation in the three mentioned component traits was found. Genomic regions of 
the variation of these biochemical parameters of photosynthesis were localised 
(Fig.  9.4 ). Genetic variation in  A  max  and TE ( transpiration effi ciency  ) was mainly 
caused by variation in  g  s  and  g  m , which suggests more efforts should be focused on 
 g  s  and  g  m  in breeding programmes for improving photosynthesis and TE. Gu et al. 
( 2012b ) showed that relationships between these photosynthetic parameters and 
leaf nitrogen or dry matter per unit area, which were previously found across 
 environmental treatments, were also valid for variation across genotypes. Therefore, 
they speculated that variation in photosynthesis due to environmental conditions 
and the variation in photosynthesis due to genetic variation within the same environ-
ment may share common physiological mechanisms.

    Gu   et al. ( 2012b ) next used the model to evaluate the potential of utilizing the 
genetic variation in these components for improving photosynthesis ( A ) and  transpi-
ration effi ciency   (TE). Based on the genetic variation of physiological components 
underlying  A  and TE,  ideotypes   were designed by combining alleles positively 
infl uencing different components of photosynthesis. Model calculations showed 
that these ideotypes can potentially improve photosynthesis and TE signifi cantly, 
compared with the best  genotype   of the 13 lines investigated. It was shown that if 
the tight link between  g  m  and  g  s  could be broken, both photosynthesis and TE could 
be improved simultaneously, despite the common negative correlation between  A  
and TE (e.g., Condon et al.  2004 ). This result would be especially interesting for 
breeding for semi-arid environments. 

 The importance of  mesophyll conductance   in improving leaf photosynthesis has 
also been identifi ed for materials of other genetic backgrounds in rice (Adachi et al. 
 2013 ). Adachi et al. ( 2014 ) further indicated that high leaf nitrogen content and high 
hydraulic conductivity are two additional physiological mechanisms contributing to 
high leaf photosynthesis of their  near-isogenic lines   (NILs), which differ from the 
recipient parent in only one or two introgression regions of previously mapped  QTL   
and therefore best suit for elucidation of physiological basis for individual 
QTL. Similar results have been found for the genetic variation in leaf photosynthe-
sis across cultivars in rice (Taylaran et al.  2011 ; Lauteri et al.  2014 ) and wheat 
(Jahan et al.  2014 ). 
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 For more  complex traits   rather than leaf photosynthesis,  Gu   et al. ( 2014b ) used 
the crop model  GECROS   to dissect yield into seven phenological, morphological 
and physiological parameters. It was found that nitrogen uptake, grain nitrogen 
 concentration and pre- and post-fl owering durations are important, whereas leaf 
photosynthesis was surprisingly not important, in explaining yield differences 
among the individual lines within a genetic population. Using rice NILs that  harbour 
one or two spikelet-number  QTL  , Ohsumi et al. ( 2011 ) found that the NILs having 
increased spikelet number per panicle did not greatly increase grain yield because 
of compensation between different yield components. They also showed that the 
slight yield advantage of the NILs harbouring double QTL relative to other geno-
types was associated with higher translocation of carbohydrates from reserves to 
panicle. These indicate a pleiotropic effect of the spikelet-number QTL on other 
physiological  traits  . 

 We call for more studies on elucidating  physiological basis of QTL   and pleiotro-
pic effect of the  QTL   on other physiological  traits  /processes. Such information will 
facilitate to improve existing crop models that better capture physiological  processes 
and parameters related to genetic variation of crop yield.  

9.5.2     Broadening Genetic Background of the Mapping 
Population 

 While the proposed  QTL  -based  modelling   approach could potentially deal with 
G × E, it cannot solve all limiting factors, especially not the non-transferability of 
information obtained from one cross to another. The non-transferability can be 
largely due to the possibility that a QTL detected in one cross does simply not 
 segregate in a second cross because the parents of the second cross carry identical 
alleles at that QTL – the lack of  allelic diversity   within a mapping population. A 
gene ‘important’ for physiologists or modellers might be useless for geneticists or 
breeders because if the gene is physiologically crucial, its variation will have been 
strongly reduced over generations of breeding (Prioul et al.  1997 ); so QTL will 
hardly be detected at such a gene locus. In this context, the approach as practised for 
a  bi-parental cross   should be extended in future although such extended studies with 
a broader genetic background can be most feasibly applied to simple  traits   that can 
be scored by  high-throughput phenotyping  . 

9.5.2.1     Use of Multiple Mapping Population 

 With the crop model  GECROS  ,  Gu   et al. ( 2014b ) used the marker-based parameter 
values derived from a population of 94  introgression line  s to simulate yield varia-
tion among 251  recombinant inbred line   s   of the same parents in rice. More directly 
working with multiple populations, Welcker et al. ( 2011 ) have compared the genetic 
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architectures of the sensitivities of maize ( Zea mays ) leaf elongation rate with 
 evaporative demand and soil water defi cit as quantifi ed in a simple ecophysiological 
model. The former was measured via the response to leaf-to-air vapour pressure 
defi cit in well-watered plants, the latter via the response to soil water potential in 
the absence of evaporative demand. Genetic analyses of each sensitivity were per-
formed over 21 independent experiments with (1) three mapping populations, with 
temperate or tropical materials, (2) one population resulting from the introgression 
of a tropical drought-tolerant line in a temperate line, and (3) two introgression 
libraries genetically independent from mapping populations. A very large genetic 
variability was observed for both sensitivities. Some lines maintained leaf elonga-
tion at very high evaporative demand or water defi cit, while others stopped elongation 
in mild conditions. A complex architecture arose from analyses of mapping 
 populations, with 19 major  meta-QTL   involving strong effects and/or more than one 
mapping population. A total of 68 % of those  QTL   affected sensitivities to both 
evaporative demand and soil water defi cit. In introgressed lines, 73 % of the tested 
genomic regions affected both sensitivities. They demonstrated that hydraulic 
 processes, which drive the response to evaporative demand, also have a large 
contribution to the genetic variability of plant growth under water defi cit in a wide 
range of genetic material comprising of multiple populations. 

 On the genetic side, geneticists are trying to improve  QTL    mapping   resolution 
with several generations of intercrossing when establishing the RIL population, e.g. 
advanced intercross  RILs  . Meanwhile  allelic diversity   within a mapping population 
can be increased by intercrossing multiple genetically diverse genotypes before 
establishing the RILs, e.g.,  MAGIC   – the Multi-parent Advanced Generation Inter- 
Cross (Huang et al.  2011 ).  

9.5.2.2     Genome-Wide Association Study 

 Virk et al. ( 1996 ) empirically showed that quantitative variation of many agronomic 
 traits   in the rice germplasm is associated with allelic variation of DNA markers, 
indicating that marker-trait associations not only may be present in  segregating 
population  s, but can also be manifest across a germplasm collection of a crop spe-
cies. Later studies more systematically demonstrated that the bi-parental analysis 
could also be extended by using  genome-wide association study   ( GWAS )    based on 
the linkage disequilibrium mapping, in which association between genotypes and 
phenotypes is scrutinized over a large germplasm collection (e.g., Remington et al. 
 2001 ). This development in association genetics may enhance opportunities for 
gene-based physiological modelling, especially with development of genome-wide 
surveys of variation using  high-throughput genotyping   tools (such as  SNP   –  single- 
nucleotide polymorphism  ) across crop germplasm collections (McNally et al.  2009 ; 
Huang et al.  2010 ; Jahn et al.  2011 ). This development in association genetics may 
enhance opportunities for gene-based  crop modelling  . So-called  gene-based model   ling   
has empirically been practised by White and Hoogenboom ( 1996 ),  Messina   et al. ( 2006 ), 
White et al. ( 2008 ), Zheng et al. ( 2013 ), and Bogard et al. ( 2014 ), who predicted 
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fl owering and yield traits of crop cultivars via regressing input parameters against 
binary values of a few relevant candidate  genes   or markers (also see Chap.   8     of this 
book by  Boote   et al.). The SNP-based  GWAS   can detect many genes and unravel 
their functions, thereby enabling  model-input parameters   to be potentially related to 
many genes. Research on GWAS-based crop modelling is now in the pipeline. 
However, such an analysis requires considerable attention to  population structure   
and size to satisfy its required statistical power (Hamblin et al.  2011 ).    

9.6     Concluding Remarks 

 Crop physiology research, traditionally working typically on several distinctive 
genotypes, has not contributed much to breeding so far. Furthermore, there has been 
an imbalance in gaining insight and data as geneticists and physiologists seemed to 
do the things separately. However, the evidence reviewed in this chapter suggests 
that there is now an opportunity to do a better job because we have more knowledge 
about  QTL   (or gene)-function relationships and we have better analytical tools such 
as QTL (or gene)-based models, dealing with relationships in a genetic population. 
An integrated  QTL-based modelling   also provides a common platform for physi-
ologists and geneticists of working all in a synchronous and balanced way, thereby 
being much more effective in terms of resource use and synergy between approaches. 
Growing studies on  functional genomics   and molecular biology will increasingly 
enable the elucidation of the molecular genetic basis of agronomically and physio-
logically relevant  traits   for  crop improvement  . In the meantime, high-throughput 
facilities to  phenotype   a large population for various crop traits, sometimes with 
high-resolution, are increasingly becoming available. Future crop models should 
face this unprecedented opportunity. On one hand,  model-input parameters   should 
be designed either to be close to those traits breeders, geneticists and biologists 
commonly score or to be easily measured by modern  high-throughput phenotyping   
facilities, as the optimisation procedure that current crop models often rely on to 
estimates their parameters (see Chap.   5     of this book by  Luquet   et al.) may involve 
another round of uncertainty. On the other hand, model structure and algorithms 
have to be upgraded, which has been stressed in various preceding chapters of this 
book and will be further elaborated in the next chapter.     
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