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ABSTRACT research on developing efficient methods for estimating
these parameters (Irmak et al., 2000), including attemptsCrop simulation models incorporate many physiological processes
to relate them to specific plant genotypes (White andwithin sophisticated mathematical frameworks. However, the control
Hoogenboom, 1996). A valuable result of these studiesmechanisms for these processes tend to be ad hoc, empirical, and

indirectly inferred from data and may lack realistic plasticity. Using has been a reduction in the number of quantities needing
model organisms like Arabidopsis thaliana, genomic scientists are estimation and the work required to do so.
rapidly disentangling the networks of genes that exert physiological However, these efforts have had limited impact on the
control. As yet, however, these networks are qualitative in nature, model algorithms used to control individual processes.
depicting promotion and inhibition pathways but not supporting quan- Currently, modeled control mechanisms tend to be em-
titative predictions of overall integrated effects. We believe (i) that pirical and inferred indirectly, albeit with great ingenu-neural networks can provide the quantification that current genetic

ity, from observations. Such empiricism may limit thenetworks lack and (ii) that taxonomic conservation of central genetic
accuracy of augmented models that attempt to combinemechanisms will make networks developed for model plants also
physiological and physical models of the canopy and soiluseful in crops. This paper presents evidence supporting the first point
environments. It is not uncommon in model verificationbased on a neural network with eight nodes corresponding to A.

thaliana genes controlling inflorescence timing. The nodes were studies to find overestimation of low yields and underes-
linked into photoperiod and autonomous pathways abstracted from timation of high yields (Heiniger et al., 1997; Roman-
an existing qualitative genetic network model. Growth chamber data Paoli, 1997). While it is usually possible to find case-
on transition timing were collected at 16 and 24�C for seven A. thali- by-case adjustments to remove such effects, it is likely
ana strains possessing loss-of-function mutations at the network loci. that current approaches to process-control modeling are
An eighth strain served as a common wild-type control. The neural simply less plastic than real plants. As a result, it hasnetwork model reproduced the time course of the transition at both

been suggested that improved representation of processtemperatures for all eight genotypes. Results included tracking a
controls should have modeling priority (Hammer, 1998).novel, temperature-dependent exchange in transition order exhibited

Crop simulation models have much to gain from theby two mutants whose duplication is not possible by usual crop simula-
exploding body of genomic science, which is unravelingtion methods. Furthermore, the ability to imitate the data appeared

to have a desirable sensitivity to assumed network structure. the networks of interacting genes that actually control
important plant processes. Unfortunately, experimental
practicalities, such as long generation times, physical
size, and other constraints, greatly complicate the eluci-The development of crop simulation models has
dation of such networks in agronomic and horticulturalbeen an intensely researched area for many years
crops. Also, the methods used to construct genetic net-(Hanks and Ritchie, 1991). At the present time, simula-
works, such as mutant screenings, epistasis detection ex-tion models with widely varying degrees of predictive
periments, and phenotype rescue treatments, yield qual-skill exist for many major and minor crops (Tsuji et al.,
itative relationships (e.g., promotion and inhibition) rather1994). While these models differ according to the idiosyn-
than the quantitative mathematical formulas needed incrasies of the taxonomic groups involved, there are dis-
simulation models.tinct commonalities among them as well. Model outputs

Our response to these issues is based on two premises.are calculated by integrating daily or hourly changes in
First, neural networks (Kasabov, 1996) can be used tothe rates of key physiological processes, including photo-
supply the quantification that genetic networks cur-synthesis, C partitioning among plant organs, evapo-
rently lack (Mendoza and Alvarez-Buylla, 1998, 2000).transpiration, respiration, biomass accumulation and/or
Second, networks developed using model plants willsenescence, and phenological development. These rates
prove directly adaptable to crops because genetic mech-are modeled as functions of both internal plant states
anisms of central importance are often widely con-and the external environment, with the latter including
served taxonomically.time-varying temperature, solar radiation, and soil wa-

This paper presents preliminary results supportingter balance.
the first premise based on efforts to model the control ofVarietal differences in these processes have been
inflorescence transition in A. thaliana. The first sectionmodeled by the introduction of genetic coefficients, so
reviews current information on the genetics of this pro-named because they quantify effects assumed to be of
cess. The next introduces neural networks, includinggenetic origin. Recently, there has been a great deal of
one specifically structured to approximate inflorescence
control. Succeeding sections detail a data collection ex-
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mimic data from two temperature treatments. Included
with the latter are some additional results of possible
relevance to bioinformatics as well as to crop simulation.
The final section includes a general discussion and con-
clusions to date.

FLOWERING CONTROL IN
ARABIDOPSIS THALIANA

Accurate mimicry of plant phenology (especially flow-
ering time) is critical in crop modeling to establish the
temporal limits within which growth and yield-generat-
ing processes operate. Understanding what controls tran-
sition to flowering is a fundamental concern in develop-
mental biology as well. There is an enormous literature
on the control of flowering, but a unified physiology
model has not emerged (McDaniel, 1996). The genetic
control of flowering has been extensively studied in A.
thaliana due to its small genome, short generation time,
self-compatibility, amenability to stable transformation,

Fig. 1. Initial genetic neural network. The nodes correspond to genesand the availability of numerous mutants. Arabidopsis
controlling flowering time. Darker arrows denote the autonomousthaliana is a facultative long-day plant, so the stimulus
pathway, and the lighter tone indicates the photoperiod path. Theof a long day coupled with input from the circadian inputs are daylength (L) and days after planting (D). Inputs with

clock will promote flowering. Under short days, plants underlines were later dropped (see text).
will flower but do so much later. Flowering in this spe-
cies entails two transitions, one to form an inflorescence the autonomous path at the FLC (Flowering Locus C)
(or bolt) and the second to produce flowers. The two gene.1 Simpson et al. (1999) accords vernalization the
transition processes are distinct and can be distinguished status of a separate pathway although Blazquez (2000)
genetically (Howell, 1998). The inflorescence transition considers it a part of the autonomous path. Additionally,
is influenced by environmental signals, such as daylength, gibberellin is required for flowering in short days and
cold temperature (vernalization), and growth tempera- also participates in flowering promotion under long
ture. The transition from inflorescence to floral develop- days. The genes mediating gibberellin’s influence consti-
ment does not appear to require additional environmen- tute the fourth independent path. In all models, signal
tal inputs. The former transition is the focus of the work integration of the two main paths feeds into a transduc-
reported here. tion cascade ultimately upregulating flowering genes

The interplay between environmental and genetic fac- and stimulating conversion to the reproductive phase.
tors has been assembled into qualitative network models
for the control of flowering in A. thaliana (Koornneef A GENETIC NEURAL NETWORKet al., 1998a, 1998b; Levy and Dean, 1998; Simpson et

Neural networks (Kasabov, 1996) were initially devel-al., 1999; Theissen and Saedler, 1999; Blazquez, 2000;
oped to model brain function with the intent of enablingBlazquez and Weigel, 2000; Devlin and Kay, 2000). It
computers to mimic various cognitive feats common inis quite important to understand that the genes in these
the animal kingdom, such as learning or pattern recogni-models control phenology directly. That is, observed
tion. They consist of interlinked nodes that mathemati-temporal changes are not the byproducts of alterations
cally abstract neuron function. Each node typically hasin plant growth or vigor (Reeves and Coupland, 2000).
a number of inputs and one output that serves as anThe work reported here is based on the Simpson et al.
input to multiple succeeding nodes. Nodal outputs are(1999) model because the Blazquez (2000) version is
usually calculated as some sigmoidal function appliedtoo recent to have affected our research planning. Both
to an arithmetic combination of the inputs. Thus, likeof these models can be viewed on the web at the ad-
the genes in existing qualitative network models, thesedresses given in the reference list.
abstract neurons are capable of both ON and OFF andAccording to Simpson et al. (1999), there are four
graded activity in response to the net balance of stimula-pathways that operate in parallel to control the inflores-
tory and inhibitory inputs (Burstein, 1995; Mjolsness etcence transition. The two major ones are the autono-
al., 1991). All nodes in a neural network use the samemous pathway and the photoperiod pathway. The pre-
sigmoidal formula, which is called the nodal transfervailing view is that the latter exerts the promotive effect
function. Finally, the links between nodes typically mod-of long days, whereas the former is an endogenous pho-
ify the values they transmit. Almost always, this modifi-toperiod-independent, flower-inhibiting pathway. Au-

tonomous path repression of flowering during vegeta-
tive growth must be overcome to convert the meristem 1 In this paper, GENE denotes a particular locus, GENE is the
to a reproductive state. Repression can be accomplished corresponding neural network node, and gene is a plant with loss-of-

function mutant alleles at that locus.by vernalization, which injects repressive signals into



WELCH ET AL.: FLOWERING TIME GENETIC NEURAL NETWORKS 73

Table 1. Genotype details of experimental materials.

Stock no. Allele Symbol, position Phenotype, gene product, and citations

CS172 fca-6 FCA, 4-32.0 • Late flowering; vernalization affects flowering time under long and short days;
strong short-day influence on flowering time; flowers ca. 19 d after wild type

• RNA binding protein
• Macknight et al. (1997)

CS166 fpa-2 FPA, 2-67.0 • Late flowering; vernalization affects flowering time under long and short days;
flowers ca. 13 d after wild type

• Unknown
• Koornneef et al. (1991)

CS174 fve-2 FVE, 2-32.0 • Late flowering; vernalization affects flowering time under long and short days;
strong short-day influence on flowering time; flowers ca. 26 d after wild type

• Unknown
• Koornneef et al. (1991)

CS179 co-6 CO, 5-13.0 • Late flowering (long days only); no effect of vernalization; incompletely dominant;
flowers ca. 21 d after wild type.

• Zn-finger transcription factor
• Putterill et al. (1995)

CS108 fha-1 CRY2, 1-12.0 • Late flowering; unaffected by short days or vernalization; increased number of
rosette leaves.

• Cryptochrome 2, a blue-light photoreceptor
• Ahmad and Cashmore (1993); Guo et al. (1998)

CS183 gi-6 GI, 1-33.0 • Late flowering (long days only); no effect of vernalization; flowers ca. 22 d after
wild-type.

• Transmembrane protein
• Park et al. (1999); Fowler et al. (1999)

CS6211 phyB-1 PHYB, 2-35.0 • Early flowering under short and long days; long hypocotyl in red and white but
not in far-red light; visibly reduced chlorophyll level; abnormally long petioles,
stems, and root hairs; smaller leaves and fewer in rosette; greater apical dominance
(longer main inflorescence, fewer lateral branches, stem termini, and main inflo-
rescence siliques).

• Phytochrome B, a red-light photoreceptor
• Reed et al. (1993)

CS20 (Ler-0) er-1 ER, 2-48.0 • Common background for all mutants; blunt fruits, short petioles, usually upright
stems, compact inflorescence; Ler-0, ecotype derived from Landsberg (La-0), but
genetically distinct; carries erecta gene; blunt siliques, upright stems, bunched flow-
ers; suitable wild type, provides control for many mutants.

cation is to multiply the value by some constant weight. (Blazquez, 2000). Initial concerns existed that daylength
might somehow influence the autonomous pathway or,Thus, the function of a neural network is completely
conversely, that growth-related information might leakdetermined by four items: the structure of its nodes
onto the photoperiod path by some yet undiscoveredand links, the method of combining nodal inputs for
genetic mechanism. For this reason, extra inputs weresubstitution into the transfer function, the transfer func-
added to each pathway (underlined symbols in Fig. 1)tion itself, and the weights applied to each link. The
with little justification beyond the authors’ desire notnetwork designer determines the first three, and the
to be victimized by limited thinking. Later, cause aroseweights are found from experimental data via a train-
to remove them (see below).ing process.

Table 1 shows the specific mutant alleles and back-If functioning genes can, in fact, be identified with
ground used. All seed was obtained from the Arabi-nodes, then removing a node should equate to a loss-
dopsis Biological Resource Center (Columbus, OH).of-function mutation. To test this concept, a set of genes
Seed stock numbers are listed in the first column ofand mutant alleles was chosen according to several crite-
the table. The next two columns list the alleles, generia. First, the set contained representatives from both
symbols, and map positions (chromosome number andthe photoperiod and autonomous pathways. Second, all
location2 in centimorgans). The gene symbol can begenes possessed readily available mutant alleles with
used to locate the position of the gene in our simplifiedstrong phenotypic effects that achieved maximal loss of
network. The final column qualitatively describes thefunction. Third, the alleles were obtainable in a common
phenotype and gives a molecular characterization of thegenetic background, providing proper experimental
gene product, if known, and relevant literature citations.control. Finally, the selection balanced the number of
It should be understood that phenotype descriptionsgenes, the number of plants per genotype, and the avail-
pertain to nominal rearing conditions and may not re-able growth chamber space.
flect the results herein.Figure 1 shows the selected genes and their connec-

All of the chosen mutant alleles were available in thetion into a neural network abstracted from the Simpson
Landsberg erecta (Ler) background. In addition to theet al. (1999) model. Both the photoperiod and autono-
traits listed in the table, Ler has reduced functionalitymous pathways are present. These feed into a single
at FLC. Therefore, although Fig. 1 does not include anintegration node (Int) whose 0 to 1 output is interpreted
FLC node, it is assumed that the effects of upstream genesas the fraction of the transition completed. Inputs to propagate as shown to the pathway integration node.the system are photoperiod and days after planting. The

latter input was used as a surrogate for growth, which 2 Look for more detail genetic information at http://www.arabidopsis.
org/chromosomes/ (verified 16 Sept. 2002).is thought to be of relevance to the autonomous pathway
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DATA COLLECTION METHODS that the original network had insufficient storage, and
more nodes are added. Although this strategy is often suc-Once the structure of a neural network is set, further quanti-
cessful, in reality, another principle may also be at work.fication requires data. To obtain such, plants were reared in

Training a neural network is an example of a nonlin-a growth chamber at two constant temperatures, 16 and 24�C.
ear optimization problem where the objective functionThe temperatures were selected to give quite different devel-

opment rates while avoiding stressful extremes. To ensure that is a goodness-of-fit criterion. A common difficulty in
genes on both pathways were active, data were collected under such work is that initial estimates of the solution may
long-day conditions (16 h light and 8 h dark). For each temper- be so distant from the best answer that the optimizer
ature run, the eight genotypes were individually sown on the may converge prematurely to some inferior result. Be-
soil surface in square pots (8.9 by 7.2 cm, catalog no. 12-1350, cause of network complexity and perhaps because of
Hummert Int., Earth City, MO) with nine replications for a the opacity of brain function, designers neither demandtotal of 72 pots. The potting soil was Fafard Mix no. 2 from

nor expect any clear relationship between the values ofHummert International. Within each pot, single seeds were
the weights and the knowledge represented. Good ini-placed approximately 1 cm inside every corner. After germina-
tial estimates are therefore considered unobtainable,tion, plants were thinned to two per pot, almost always diago-
and zeros are commonly used. As a result, subsequentnal to each other to minimize interplant effects. Lacking a

fully functional FLC gene, Ler does not require vernalization. success with a larger network may have nothing to do
However, to help synchronize germination, the pots were with storage capacity. It may simply be that the good-
placed in darkness at 4�C for 72 h. ness-of-fit landscape has been altered so as to provide

The growth chamber used in the study was a Conviron the optimizer with a more congenial path from arbitrary
Model E8VH (Controlled Environ., Winnipeg, MB, Canada). initial estimates to an acceptable endpoint.
Lighting was provided by 20 fluorescent tubes (F48T12/CW/ In the current study, the strategy of adding nodesVHO, 110 W, Philips Lighting Co., Somerset, NJ) and two

disappeared once the choice was made to work with aincandescent bulbs (Philips Standard Frost Incandescent
particular gene subnet. Therefore, when the first train-Lamps, 60 W). Light intensity at plant level was 216.1 �mol
ing attempts failed, several tactics were employed tom�2 s�1 as measured with a Quantum sensor (LI-COR, Lin-
search more efficiently and to modify the goodness-of-coln, NE). Chamber relative humidity was maintained be-
fit landscape directly. The modifications included (i)tween 70 and 80%.

The 72 pots were randomly assigned to one of four trays alternative goodness-of-fit functions and search algo-
and placed in the chamber. To limit systematic biases resulting rithms, (ii) reducing problem dimensionality (i.e., the
from any residual within-chamber environmental gradients, number of weights) whenever possible, (iii) increasing
trays were moved daily in an orderly fashion so that pots spent dimensionality in a controlled fashion whenever un-
nearly equal times in every chamber location. In addition, avoidable, (iv) reparameterizing, and (v) expanding
thermistors monitored the canopy-level temperature within model scope incrementally. Candidly, exploitation ofeach tray at hourly intervals, and data were recorded by a

these strategies was informed by some science, someCR-21 data logger from Campbell Scientific (Logan, UT). To
intuition, and a great deal of error.provide the seedlings with an initial high humidity, transparent

To date, two different goodness-of-fit measures havedomes (Catalog no. 14-2568-1, Hummert Int., Earth City, MO)
been used in training: ordinary least squares (LS) andwere placed over the trays from planting until 6 to 7 d after
a maximum likelihood (ML) method that parallels theemergence. Although standard practice in work with A. thali-

ana, the hoods created a transient average temperature in- Kaplan–Meier product-limit estimator well known in
crease of 0.38 to 0.74�C. This increase is included in all temper- survival analysis (Cox and Oakes, 1984). Three search
ature accumulations, which yielded treatment-long average procedures were used: simulated complex evolution
temperatures of 24.16 and 16.37�C. Plants were watered at (SCE) (Duan et al., 1992, 1994; Thyer et al., 1999), the
about 3-d intervals, which is adequate to avoid stress. Marquardt–Levenberg (MQL) algorithm (Press et al.,

The pots were observed daily and records made of emer- 1992), and the variant of Newton’s method (Press et al.,gence date, bolting date, flowering date, leaf number (includ- 1992) embodied in the Excel Solver software (ES). Theing rosette and inflorescence leaves), and plant height. Emer-
SCE procedure is readily adaptable to a parallel com-gence date was taken as the first visible green, but this is not
puting environment and therefore potentially useful forparticularly reliable because of the small seed size. Bolting
large-scale problems. The MQL algorithm is the currentdate, when flower buds are first visible on the main meristem,
method of choice for nonlinear LS (Press et al., 1992).marks the transition to inflorescence, which is the focus of

the current report. Flowering date is the opening of the first In terms of execution speed, robustness, flexibility, and
bud and denotes the second transition discussed above. numerical charisma, ES has limited long-term potential

compared with MQL and SCE. However, the ease of
Excel programming has permitted rapid testing of newGENETIC NEURAL NETWORK WEIGHTS ideas, the determinative success factor to date. This
report therefore contains results obtained by combiningNeural network weights encode the system’s store-
LS and ES using an adaptation of the methods of Wraithhouse of knowledge. They are found through a training
and Or (1998).process during which weight estimates are refined until

the network can produce correct, known outputs when
supplied the corresponding inputs. Larger networks MODEL SPECIFICS AND RESULTSwith more weights are presumed necessary to retain
knowledge of a more complicated nature. If initial train- In what follows, it will be useful to have a concise no-

tation for a neural network model (Fig. 2). The formulaing efforts are not successful, the typical assumption is
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�a: GENE : � expression

denotes that the expression on the right is computed
yielding, e.g., u, which is substituted into the transfer
function for the GENE node. The common sigmoidal
transfer function is used for all genes. The function
result is multiplied by the quantity a, which may be
either a scalar or a vector as needs warrant. The operator
(a multiplication by 0 for loss-of-function mutants and
by 1 otherwise) calculates the penultimate nodal output.
If L represents photoperiod and D is days after planting,
the starting network in Fig. 1 can be written as

�1: CRY2: � a1L � a2D � bCRY2

�1: PHYB : � a7CRY2 � a8L � a9D � bPHYB

�1: FPA: � a3L � a4D � bFPA Fig. 2. Neural network notation example: (a) a simple neural network
structure, (b) its corresponding notation with example weights, and�1: GI: � a10D � a11CRY2 � a12PHYB � a19FPA � bGI
(c) equivalent computer code. The network inputs are the two
variables X1 and X2. The final output is from the C node as indicated�1: FVE: � a5D � bFVE
by the � symbol (C_out in the computer code).

�1: CO: � a13GI � a14D � bCO

dently. A second parameter, a�, was used for a15, a16, a17,�1: FCA: � a6D � bFCA

and a18 in the Int node.
�1: Int: � a15CO � a16FPA � a17FVE � a18FCA � bInt Another change was quite ad hoc but helpful. It

seemed reasonable that if no information was propagat-[1]
ing along a path, then the input to Int should be zero.

where Int represents the integration pathway, � indi- However, with the given transfer function, a zero input
cates the final network output, and the a’s and b’s are to an upstream node propagates a signal of 0.5 to the
weights to be found. The b values control the time until next downstream node. This effect was removed by
the onset of nodal switching while the a’s affect the time making bInt proportional to a� and to �0.5 times the
it takes to complete a transition, once started. Our initial number of upstream nodes. In addition to addressing
training efforts focused on this model and failed utterly. the issue just mentioned, this change further reduced

Once it became clear that the training process was dimensionality by one parameter. It has another advan-
going to be nontrivial, an incremental modeling ap- tage as well. Mathematically, bInt would be expected to
proach was adopted. First, training only the autonomous influence transition onset time as previously mentioned.
pathway was attempted, just using the 24�C data alone. However, the Int node is a synthetic model construct
Once this was achieved, the lessons learned were ap- that replaces several actual genes with roles in pathway
plied to an enlarged, two-path model, still for one tem- integration. By fixing bInt, the model is forced to more
perature. The final step was a two-path model including closely relate timing to the b values associated with real

genes that actually affect temporal shifts.both temperatures. The next sections recapitulate the
Together, these modifications yielded the nine-pa-latter two steps.

rameter model

The 24�C Model �2: CRY2: � 0

To reduce dimensionality, all extraneous D and L �1: PHYB : � aCRY2 � b�PHYB
inputs were removed, eliminating a2, a3, a9, a10, and a14. �1: FPA: � aD � bFPARemoval is easily justified because it actually makes the

�1: GI: � a(CRY2 � PHYB � FPA) � bGIneural network more similar to the underlying Simpson
et al. (1999) model. Also, given data on only one photo- �1: FVE: � aD � bFVEperiod, there is no way to unambiguously determine the

�1: CO: � a13GI � bCOparameters a1 and bCRY2 (for CRY2) or a8 and bPHYB (for
PHYB). Therefore, the CRY2 output was fixed at 1 for �1: FCA: � aD � bFCA
long days and 0 for short days (although no use has yet

�1: Int: � a�(CO � FPA � FVE � FCA � 2) [2]been made of the latter). The a8 parameter was absorbed
into bPHYB and renamed b�PHYB. According to the data, This model was fit using ES. Figure 3 plots predicted
once the transition starts, all mutant populations can vs. observed values for those observations falling in the
progress from 10 to 90% completion in roughly similar actual transition interval. Except for fve, predictions are
intervals (3 to 6 d). Thus, as an approximation, a4, a5, close to the actual data. The overall R2 of all predicted
a6, a7, a11, a12, a13, and a19 were replaced by a single and observed values used in training was 0.9693.
parameter, a. However, this simplification did not mimic An important question is whether genomic structure

actually played a part in these results or whether they areco data very well, so a13 was released to vary indepen-
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A common situation in genomics is to know that a
group of genes may form a path but not be able to tell
the order in which they fall. For example, one might be
uncertain as to whether a portion of the photoperiod
pathway runs PHYB→GI→CO, as in the Simpson et
al. (1999) model, or the reverse. Typically, a set of single
and double mutant experiments will be performed to
resolve such issues. Although no such experiments were
performed here, there was a clear distinction between
these two alternatives—the reversed order yielded an
SSE of 6.68.

The Two-Temperature Model
It has often been suggested that temperature effects

on development may be related to underlying, enzyme-
catalyzed, biochemical reaction rates (Pradhan, 1946;
Sharpe and DeMichelle, 1977; Wagner et al., 1984;Fig. 3. Predicted vs. observed completion of the inflorescence transi-

tion. To focus on the accuracy of the transition, only those data Bridges et al., 1989). Furthermore, the activity curves of
are plotted for which either the predicted or actual values are many regulatory enzymes are allosteric (i.e., S-shaped)
between 0.05 and 0.95. with increasing substrate concentration (Segel, 1975,

p. 353 onward) just as neural node outputs are sigmoidalonly due to the well-known ability of neural networks to
with increasing weighted input sums. In combination,fit complex data. To assess this question, 300 random
these ideas suggested a simple analogy in which thenetworks were synthesized and fit with ES. To toughen
amplitude of nodal outputs could be multiplied by tem-the evaluation, each of the networks had the same num-
perature-dependent factors (henceforth denoted qi).ber of nodes, number of inputs per node, and redun-

Applied completely, this idea would add 16 parame-dancy of coefficients as Eq. [2]. The data, search method,
ters to the model (eight nodes times two temperatures).initial conditions, and convergence criterion were the
To limit this increase in dimensionality while maximiz-same for all 300 runs. Figure 4 shows the cumulative
ing consistency with Eq. [2], the temperature factors fordistribution of final sums of squared errors (SSE).3 As
24�C were assigned to be unity. Under this scheme,the graph indicates, SSE values ranged from 6.50 to
the 16�C factors are interpreted as relative changes.31.13. By comparison, the SSE of the genomically con-
Furthermore, because the Int output must range fromstructed network is, at 0.59, slightly more than 11 times
0 to 1, no temperature multiplier was used there. It wasbetter. The position of the genomic network on the
also found desirable to relax the assumption of commonextreme tail of the SSE distribution strongly suggests
a and a� values. The weights, ai, were estimated by pa-the value of genetic information.
rameters of the form avi or a�vi where a and a� are as
above and vi (i � 11, 12, 15, 16, 17, 18, and 19) values are3Because the model output is the fraction of plants completing the
new with initial estimates of 1.0. This parameterizationtransition, all reported SSE and root mean square error (RMSE) val-

ues are unitless. allowed the search engine to find the approximate solu-

Fig. 4. Cumulative distribution of sums of squared errors (SSEs) for 300 random networks. Training for all networks began with parameter
values generating an SSE of 31.81. Final SSEs ranged from 6.50 to 31.13. The genetically based network had a final SSE of 0.59.
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Table 2. Parameter values and goodness of fit for three variationstion via a, which was then particularized by the offset
of the two-temperature model.vi parameters. The weights a4, a5, a6, and a7 were varied

Values by versionfreely. Again, it should be emphasized that these repa-
rameterizations were tactical and intended to facilitate Node Symbol I II III
training. No scientific significance is attached to their

CRY2 qCRY2 1.116 1.000 1.000
specific form. PHYB qPHYB �34.993 �50.367 –

a7 18.556 28.312 –In what follows, [r,s] is a vector of temperature multi-
b�PHYB �27.682 �18.222 –pliers for 24 and 16�C, respectively. Taken together, FPA qFPA 0.036 0.033 0.121

these changes yield the combined temperature model a4 0.233 0.241 0.132
b�FPA �8.833 �8.724 �5.390

GI qGI 0.128 0.125 0.130�2[1,qCRY2] : CRY2 : � 0
a 1.625 4.244 1.408
v11 1.492 0.640 1.099�1[1,qPHYB] : PHYB : � a7CRY2 � b�PHYB
v12 10.986 .003 –
v19 142.686 46.855 44.580�1[1,qFPA] : FPA : � a4D � bFPA
bGI �2.311 �2.285 �2.235

FVE qFVE 0.415 0.410 0.382�1[1,qGI] : GI : � a(v11CRY2 � v12PHYB � v19FPA) � bGI
a5 0.070 0.077 0.093
bFVE �2.093 �2.192 �2.627�1[1,qFVE] : FVE : � a5D � bFVE

CO qCO 54.288 88.176 86.032
a13 5.209 5.265 5.584�1[1,qCO] : CO : � a13GI � bCO
bCO �4.778 �5.708 �5.495

FCA qFCA 0.331 0.321 0.288�1[1,qFCA] : FCA : � a6D � bFCA
a6 0.060 0.061 0.066
bFCA �3.726 �3.811 �4.046�[1,1] : Int : � a�( v15CO � v16FPA � v17FVE � v18FCA � 2)

Int a� 23.777 23.426 21.280
v15 1.470 2.296 1.903[3]
v16 �0.863 �0.758 �2.040
v17 2.272 2.621 2.860Column I of Table 2 gives the resulting parameter
v18 8.860 9.850 11.720

values and the root mean square error (RMSE). There RMSE† 7.34 � 10�2 7.33 � 10�2 6.57 � 10�2

is an immediately noteworthy pattern among the tem-
†RMSE, root mean square error.

perature factors (qi�s). Four of the seven nodes (all of
the autonomous pathway plus the closely linked GI) peated (Table 2, Column III) after deleting PHYB fromhave temperature factors between 0 and 1, plausibly the network and excluding the corresponding mutantsuggesting a general plant slowdown with cooling. Per- data. Not only is the aggregate RMSE value better, buthaps not surprisingly, the remaining photoperiod sen- the bulk of the improvement is associated with the wildsory pathway nodes (CRY2, PHYB, and CO) depart type, whose prediction errors were reduced by 33%from these values. A final analysis of the sensory path (from RMSE � 0.152 to 0.102).should await the addition of short-day data to the train- Predicted transition curves and observed data foring set. Even so, there are some comments about the both temperatures using the values from Table 2, Col-light receptors that can be made now. umn III, are plotted in Fig. 5. The ability of the modelInterestingly, the CRY2 factor is quite close to 1. This to track multiple genotypes accurately as temperaturegene is known to interact quite closely with the diurnal- changes is evident. However, the figure also reveals anclock genes (Simpson et al., 1999; Blazquez, 2000), so interesting feature, namely that the order of inflores-it would not be unreasonable to hypothesize some form cence transition for fve and co differs between the twoof temperature stabilization in this part of the network. temperatures (arrows). Moreover, the scale of the ex-With this possibility in mind, the network was retrained change is large. Comparing median transition times (es-under the assumption that qCRY2 was identically 1. The timated by linear interpolation), co switches from 7.7 dvery similar results are shown in Column II of Table 2. ahead of fve at 24�C to 9.3 d behind at 16�C for aThe blue-light receptor encoded by CRY2 is known switching magnitude (i.e., net change) of 17 d. To theto mediate the red light–dependent flowering-control authors’ knowledge, this observation regarding co andactions of phytochrome B (Guo et al., 1998). The net- fve is novel.work was able to reproduce this to the extent that, Crop simulation models traditionally use either ther-neglecting the temperature constant, the PHYB node mal time (Hesketh et al., 1973) or photothermal day
exactly tracked the CRY2 output. However, in the ab- (Grimm et al., 1993) systems to calculate flowering
sence of specific training data under red and blue light- times. These approaches cannot reproduce the pheno-
ing, the network was unable to resolve the precise antag- logical order switch seen here unless base temperatures
onistic relationship that exists between these receptors differ between varieties, an uncommon assumption
in reality. Under the white light in this experiment, the among crop models.4 Thus, the observed order switch
phyB inflorescence transition preceded that of the Ler was unexpected, its magnitude startling, and its associa-
wild type by 1 to 2 d regardless of temperature. The
temperature-stabilized CRY2 was apparently a much

4A reviewer noted the Sirius model (Jamieson et al., 1998) canmore reliable indicator of training set behavior than was
switch in some situations because it alters thermal time to floweringPHYB. As a result, v12, the weight applied to PHYB by making main-stem final leaf number responsive to daylength and

outputs, diminished by almost four orders of magnitude vernalization. However, in the experiment reported here, both photo-
period and the short, initial chilling, were common across treatments.(Table 2, Column II). For this reason, training was re-
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Fig. 5. Predictions from the final two-temperature model. To simplify the plot, each series is truncated 1 d before (after) the first (last) observed
plant transition. Symbols are actual data, and lines are model predictions (denoted A and P in the legend, respectively). The black arrows
indicate the switch in the transition order of FVE and CO with cooling (see text).

tion with specific point mutations intriguing. It raised The researchers were able to incorporate its effect into
a crop simulation model by appropriate, gene-specificthe question as to the occurrence of order switching in

actual crops. A side study, detailed in the Appendix, modifications. Genetic neural networks, however, can
potentially subsume a wide range of such unique behav-provided statistical evidence that order switching does

occur in soybean [Glycine max (L.) Merr.]. Beyond sta- iors within a single, general mechanism.
tistics, Hoogenboom and White (2003) have reported a
specific gene in common bean (Phaseolus vulgaris L.) DISCUSSION AND CONCLUSIONSthat confers photoperiod sensitivity in warmer environ-
ments but not in cooler ones. Under appropriate circum- Although preliminary, the above results indicate that

neural networking has potential for converting qualita-stances, this gene would also produce order switching.
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tive genetic networks into quantitative predictive tools, ments conducted in different laboratories. This need is
illustrated by the PHYB results, which from the perspec-the first of the two long-term research objectives pre-

sented at the beginning of this paper. Not only can neural tive of absolute realism, would have been improved by
networks reproduce complex genetic data, but they can data from red- and blue-light environments. Clearly, no
also do so parsimoniously. The authors are aware of only single research group can perform all the treatments
one other attempt to predict flowering time with a neural necessary to obtain complete data.
network, that of Elizondo et al. (1992), who studied Complicating factors are (i) the propensity of various
soybean. They were successful, but lacking genomic in- A. thaliana investigators to use different sets of alleles
formation, they used a traditional three-layer network in separate genetic backgrounds and (ii) the possible
that required a minimum total of 25 nodes and 104 impacts of subtle interlab variations in rearing environ-
weights for acceptable prediction. In contrast, our final ments. While these issues will no doubt cause initial
model has seven nodes and 22 weights. problems, quantitative models using neural networks

A natural desideratum for applied models is that they or any other successful approach can provide common
be no more complex than necessary to achieve specific reference points against which effect magnitudes can be
goals. In this regard, estimates such as approximately judged. This may be an area in which the experience of
26 000 genes for A. thaliana (Riechmann et al., 2000) crop modelers can be of direct benefit to genomic sci-
can be quite intimidating. However, fears of the imprac- entists.
ticality of genomic-level modeling are probably ground- Because genetic network construction involves a con-
less because small numbers of genes often control broad sideration of phenotypes, there are multiple possible
developmental and physiological processes. The genes mechanisms underlying the resulting links. The relation-
used in this study top a floral development hierarchy ships may be quite immediate, as when one gene codes
(Theissen and Saedler, 1999) that ultimately generates for a transcription factor directly controlling the expres-
all reproductive organs. More generally, mathematical sion of another. CO, whose sequence includes the DNA-
analysis suggests that the accrual of disproportionate binding, Zn-finger motif (Lewin, 1997, p. 850), is a prob-
influence to tiny gene minorities may be an inevitable able example. Alternatively, the effects may be indirect
consequence of network self-organization over evolu- and mediated by significant physiological processes.
tionary time (Barabasi and Albert, 1999). If so, signifi- Even so, the construction method still guarantees that
cant crop simulation improvements may only require the genes responsible will appear at their proper place
the modeling of a relatively few genes. in the network diagram. The cryptochrome and phyto-

Furthermore, applied models, including genetic neu- chrome receptors illustrate this situation. In spite of this
ral networks, will continue to benefit from sensitivity diversity, the neural network approach appears able to
analysis and other traditional simplification techniques. span these differences in mechanism, at least to some
The ability to delete PHYB under white-light conditions degree.
is one illustration. In addition, it may not be necessary Current crop simulation models, in contrast, empha-
to model the complete dynamics of all genes. White and size physiological mechanisms to the complete exclusion
Hoogenboom (1996) have had success melding geno- of genomics. As noted earlier, this has led to a very
mics with existing simulation models using simple re- empirical representation of process-control mechanisms
gression equations to predict traditional genetic coeffi- that may, in the final analysis, lack plasticity. Even so,
cients based on the presence or absence of selected the extensive utilization of crop simulation models in
dominant alleles. areas as diverse as policy analysis (Rosenzweig et al.,

Beyond applied issues, one exciting aspect of this 1996; Tubiello et al., 1999); research (Hanks and Ritchie,
work is that it immediately suggests further researchable 1991); and, increasingly, production management (Welch
questions. Like all good models, neural networks seem et al., 2002) shows that the physiological approach is
capable of providing guidance in data interpretation. not without its strengths.
An apparent sensitivity to assumed structure was dem- However, if taken to extremes, genetic neural net-
onstrated in the reversed photoperiod pathway and ran- works could run the risk of committing the reverse error,
domized network examples above. It may also have that of subsuming too much under the heading of geno-
played a part in the inability to fit the original model mics. Future plant models will need to craft a careful
with its extraneous inputs of daylength and plant age. balance between traditional methods and new genomic
If such sensitivity is widespread, automated tools may, approaches like, or derived from, the one presented
with appropriate human guidance, be able to screen here. Thus, the most productive way forward will un-
large numbers of network structures for compatibility doubtedly entail a synthesis of crop modeling and geno-
with existing data. mic methods rather than the mere adoption of a new

To be realized, such tools will require powerful nu- approach by one existing research community. Among
merical estimation methods. One of the most useful all the exciting aspects of this work, this is the most
features of neural networks is the extensive body of re- exciting of all.
search results on training techniques (Fine, 1999; Grier-
son and Hajela, 1996). Still, it remains to be seen what

APPENDIXwill prove to be the most efficacious ways to apply these
methods to genomic data. It is obvious, however, that Ten years (1987–1996) of anthesis-date (R1) data from soy-

bean performance trials at Tifton, GA (obtained from G.training will need to utilize data from multiple experi-
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Fig. 6. Relation between genotype � environment interaction magnitude and differences in genotype means. The shape of the scatter is consistent
with both the rarity and existence of exchanges in anthesis date order among pairs of soybean varieties grown in different environments (see text).

Hoogenboom), were examined for evidence of order switch- (as defined in the main text) than seen in A. thaliana; 90% are
8 d or less. However, the consistent, 8�C separation betweening. There were early and late plantings in each year for a

total of 20 different environments. Only irrigated treatments chamber runs is a wider deviation than would be expected
between two temporally distinct field studies at a single site.were used to limit the possible effects of water stress. The

data contained a total of 901 observations (i.e., treatment It is not surprising, therefore, that the cumulative effect would
be less in soybean plots. Dr. William Schapaugh, an experi-means) representing 141 varieties. These were screened for

all pairs of varieties that co-occurred in two or more environ- enced breeder (Dep. of Agron., Kansas State Univ.), has also
indicated (personal communication, 2000) that switches ofments. A subset of 137 varieties comprising 873 observations

met this criterion. this size are not unusual in irrigated soybean plots. Nor is it
remarkable, given rarity and small magnitude, that switchingA case was defined as two specific varieties compared in

two particular environments. Among the 37 395 cases in the has gone unnoticed in comparisons of actual data with the
predictions of simulation models incapable of the effect.data were 3470 (9.3%) with apparent switches. However, the

effect cannot be declared real without a statistical evaluation. Switching may have just been overlooked as noise.
The following reasoning was developed by Dr. T. Loughin
(Dep. of Stat., Kansas State Univ., personal communication, REFERENCES
2000). Consider the distribution of differences in mean geno-

Ahmad, M., and A.R. Cashmore. 1993. HY4 gene of A. thalianatype effects between pairs of varieties. If no attention is paid
encodes a protein with characteristics of a blue-light photoreceptor.to the order in which the subtractions are performed, then
Nature (London) 366:162–166.this distribution will span 0. In this situation, there are only

Barabasi, A., and R. Albert. 1999. Emergence of scaling in randomtwo ways in which switches can fail to occur. The first is if networks. Science 286:509–512.
there are no genotype � environment (G � E) interactions, Blazquez, M.A. 2000. Flower development pathways. J. Cell Sci.
a premise that is undeniably false. The second is if the magni- 113:3547–3548. Available at http://www.biologists.org/JCS/113/20/
tudes of G � E interactions become small when genotype jcs8511.html.
differences are small. Only in this way can pairs of varieties Blazquez, M.A., and D. Weigel. 2000. Integration of floral inductive

signals in Arabidopsis. Nature (London) 404:889–892.have genotype differences that do not fall on opposite sides
Bridges, D.C., H.I. Wu, P.J.H. Sharpe, and J.M. Chandler. 1989. Mod-of the origin in diverse environments.

eling distributions of crop and weed seed germination time. WeedThere were 5201 pairs of varieties found in two or more
Sci. 37:724–729.environments. The means and variances of the intervarietal

Burstein, Z. 1995. A network model of the developmental gene hierar-differences in treatment means were calculated across environ- chy. J. Theor. Biol. 174:1–11.
ments. The variances estimate G � E interaction effects and Cox, D.R., and D. Oakes. 1984. Analysis of survival data. Chapman
were converted to standard deviations so as to have the same and Hall, London.
units as the means. Figure 6 is a plot of all 5201 (mean, standard Devlin, F.P., and S.A. Kay. 2000. Flower arranging in Arabidopsis.
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