Neural networks applied to
pedigree or genomic-enabled
prediction

Proposition 1

It must be true that quantitative traits
are “complex”, in any sense of the

word.
Why?




A “complex” trait involves many metabolic pathways: Roche’s Chart
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Proposition 2

It must be true that epistasis
1S pervasive

Example: the tricarboxylic acid cycle
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For this to work: enzymes are needed




Enzymes in the Krebs cycle

One gene-one enzyme
One pathway- many enzymes
One pathway-many genes
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Reactions follow a non-linear dynamics
(Michaelis-Menten kinetics)

Km

0 1000 2000 3000 4000
Substrate concentration




Proposition 3

A phenotype must be the result
of a system involving epistasis and
non-lineariries of all sorts
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CAN ONE WRITE A
MECHANISTIC MODEL FOR
SOMETHING LIKE THAT?

Proposition 4

* It is unlikely that one could arrive to any
reasonable mechanistic model satisfactory to
understand, explain, learn and predict

outcomes

GENOMICS (QTL)
PROTEOMICS (P-QTL)
METABOLOMICS (BOLO-QTL)
EXPRESSIONOMICS (E-QTL)
EPIGENOMICS (M-QTL)
METAGENOMICS (META-QTL)

Need to navigate in an extraordinarily highly dimensional space




Welcome to the world of abstractions!
Coping with complexity

First assumption: there is a genetic signal and an environmental signal
Second assumption: the joint effect translates into a phenotye y

Y — f( G, E) For some UNKNOWN function f

Y = GE?
Y = EG?

Choices? Y=G+E+GE? EEEE 'smsmpion
Y= (G+E)“E?

Y=G+E? ‘ Is an even a stronger assumption

Further, G is unknown, so has to be inferred from phenotypes
and some input set:

Pedigrees

DNA data

RNA data

Pedigrees, DNA, RNA
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THE BIGGEST SHOW ON EARTH:

A prevailing view (Hill et al., 2008; Crow, 2010; Hill, 2010)

 Fisher’s theorem of natural selection
* Interactions are second-order effects; likely
tiny and hard to detect

» Detectable pistasis probably arises with genes
of large effects, unlikely to be observed in
outbred populations

» Epistatic systems generate additive variance
and “release” it, so why worry?

THE BIGGEST SHOW ON EARTH:
POINT-COUNTERPOINT

» Fisher’s theorem of natural selection (Kempthorne, 1978)

mean’; again a basic epistemological error. On the matier of the role of variance, to sav that
additive genetic variance i important “since Fisher's fundamental theorem ol natural
selection predicts . . " is wide of the mark, and again exemplifies an errar commaonly made in
population genetics. Fisher's theorem., i i i5 correct, deals with fitness, whatever that is {and

Interactions are second-order effects; likely tiny and hard to detect

....perhaps, but there may be many

» Detectable epistasis probably arises with genes of large effects, unlikely to
be observed in outbred populations

...may be the instruments are not adequate?

» Epistatic systems generate additive variance and “release” it, so why
worry?

.. if all we get are straight lines (even though the world is round) how
can we learn about “genetic architecture” with such lines, if the world is
truly round?




THE BIGGEST SHOW ON EARTH
(The additive genetic model)

Can “Genome” the lion be tamed?

Another show: “Les Idiots Savants”
(much less popular)

 If phenotypic prediction is crucial (medicine, precision mating) can|
exploitation of interaction have added value?

* Ideally, search for machine that
--captures additivity (breeding), interaction (medicine)
--has reasonably good predictive ability
--general and flexible with respect to input data
--does not fail if system is linear and non-interacting




THE AGE OF INNOCENCE

Unraveling “genetic architecture”
with statistical models

SINGLE MARKER REGRESSION

WITH ORDINARY LEAST-SQUARES
n (#number of observations <<p (# markers)

“Full model” ‘ Yy = Xﬁ te
\

“marked phenotype”

“OLS” is biased If full model holds and one fits “smaller” model (e.g., single marker
Regressions)

y=X1ﬁ1+€

‘ E(B X)) = Xix) ' Ew)

= (XXX B+ X o]
= B1+ (X11X1)71X’|X2[32

EXTRAORDINARILY NAIVE, YET....
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7 74

'
6+ 6
5= 5=

—log,, (P)
—log,; (P)

Chromosome Chromosome

GWAS FOR PANCREATIC CANCER...
(Nature Genetics)

SINGLE MARKER REGRESSION: ADISASTER

N=100, 1000 binary markers, 5 first are signal, LD~1/3

RELATIVE MEAN-SQUARED ERROR (ALL MARKERS)

RMSE: all markers

1.0

0.8

0.6

RMSE

15.36 0.01 0.01 0.03 0.00

04

0.2

0.0

SMR R-15 R-40 MR-40 M R-40 OLS10

Procedure
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RMSE

SINGLE MARKER REGRESSION: ADISASTER

N=100, 1000 binary markers, 5 first are signal, LD~1/3

RELATIVE MEAN-SQUARED ERROR (FIRST FIVE MARKERS)

RMSE: first 5 markers

08

06
I

02
I

0.0
L

SMR OLS-5 R-15 R-40 MR-40 MR-40 OLS10

Procedure

A (slightly) less naive form of
approximating G is the whole-genome
linear model:

G = wo + WiX1 + Waxa + W3X3 +...+WpXp

Where the x's are either pedigree relationships, or marker genotype codes
or whatever the latest fad in genomic data is
Bayes A
Bayes B
Bayes C (with or without n)
Bayesian Lasso
NON-BAYESIAN REGULARIZED: Lasso, Elastic Net

LEADS TO (EXTRAORDINARILY) SHRUNKEN
ESTIMATES OF EFFECTS, BUT GOOD PREDICTIONS
OF “TOTAL SIGNAL”

12



Reality strikes back: gene structure

Transcription Transcription
DNA start site Intron Exon stop site
S _ - - - .
"\ II.-' Promoter ¢ Transcription
Potential
raegulatory Splicin Initial transcription product
elements plicing
Intron sequencem
removed during Finished transcription product
splicing ——containing only exons
.|

# Translation

Initial translation
product /
{amino acid chain)

Posttranslational modification

Finishad protein

Some genes do not have introns
Some genes are located within introns of other genes

G

Statistical

SNPs

QTL chaser

13



Arguably, one could do better
than with linear Bayesian
(regularized) linear models!

A VIEW OF LINEAR MODELS
(as employed in q. genetics)

Mathematically, can be viewed as a “local”” approximation of a complex process

e @ , f*(a) B " (a) ,
fix)=fla)+ | (a)lx -a)+ (x =a) + (x=a)y +...+ (x=a) +....
’ ‘ 2! 3! n!
Linear approximation
— /
Y
Quadratic approximation
— _
~
th
n order approximation FELDMAN and LEWONTIN (1975)

CHEVALET (1994)

14



How good are linear and quadratic approximations? A Taylor series provides a local
approximation only...

y=gkx)+e g(x) = sin(x) + cos(x)

3. Quadratic approximation
1..Sin and cosine function

2. Linear approximation

-

4. Approximations
are good at x=0...

“TWO-LOCUS” ADDITIVE MODEL “TWO-LOCUS” EPISTASIS MODEL
X1 +x; X1 +X2 +X1X2

Look at the very different contours

Together ‘

THE ADDITIVE MODEL IS NATVE AND INFLEXIBLE

15



Arguably, one can do better than
this

A perhaps more universal learning machine:
Regularized Neural Networks

etttiganag

16



Why and how neural networks

entered as approximators of complex

functions...
(a non-mathematical argument)

nucleus 3
Upto 10 connections

\

cell body axon

to other

Synapse dendrite

Fii. 2a. Schematic diagram of real neuron.

neurons

17



MCCULLIE)CH, W. 8. and Pirrs, W. (1943). A logical calculus of
ideas immanent in nervous activity. Bulletin of Mathematical
Biophysics 5 115-133.

 Brain superior to von Neumann machines in cognitive tasks

* Microchips: nanoseconds, Brain: milliseconds

o« MM

=> Brain recognizes familiar objects from unfamiliar angles
=> Key: not speed but organization of processing

Why?

Tasks distributed over 10!2 neurons

Interconnected and activated

Massively parallel

Neurons adapt and self-organize

Interconnectivity: up to 103 synaptic
connections

18



Can we attempt to emulate the
brain, mathematically?

Kolmogorov’s Theorem

For any continuous function g(x,x2,...,xp) of p
variables there exists continuous functions 4;in [0, 1]

a continuous function gin [0,1] such that
2p+1

gi(x[l’xiZ, xlp) - Z ijh (xtl,lx23 ixp):|

q=

weights
Linear or on-linear transformation of inputs

Linear or nonlinear
transformation

The subscript indicates an evaluation on a given configuration of the input

19



Comments

* The theorem states that a set of functions
exists

» The set includes the possibility of all
possible JOINT effects (interactions) among
inputs on outputs

* It does not guide on the choice of the
functions or on the weights

« With noisy data the idea is to estimate the
function from inputs and outputs

KOLMOGOROV’S THEOREM
CAN BE REPRESENTED AS AN
ARTIFICTALNEURAL NETWORK

20



wij= connection strength between input i and neuron j

Binary classification

output neuron j

Input layer Layer of Layer of

of souce hidden output

nodes neurons NEUrons
Pedigree, markers, sequences, Thf h functl’?ns The f functions
Nuisance variables (4 “neurons”) (2 “neurons”

TRANSFORMATIONS (“ACTIVATION”) FUNCTIONS NOT SHOWN

Continuous output: relationship to non-parametric regression

Here, the activation function of the output of the hidden layer is

'the identity
Input layer Hidden layer Cutput layer

# hidden nodes
z , ﬁj[ —
J

Jj=1

If # nodes is known (k), the number of parameters is:

Lktk(1+ # x’s)= 1+ k (#x7s + 2) |:> Can overfit if too many hidden nodes

21



Types of transformation (““activation”) functions

Linear

Step

b) Step or threshold function

(x) 4
Piece-wise linear 1 z=>1/2 y
- 1 5
y=p(z) = 12z <5 .
: 2
0 =z -
2 y
4
e
/ﬁ 0
/,.‘ =% h Ya X
Sigmoid (logistic)
D(x) &
1 a "‘-:!ééi.'t"
v ilz) |/
xp(—ar + )\ -
— 5;
> 4 /

22



Hyperbolic tangent

(e* —e™)/(e* +e™)

Illustration of a single-neuron model for classification with logistic activation function

1) Collected input into neuron

Wo + Wix1 + waxo + W3xs

w0
W
W, .
X .—. Z J_ f—— y = !
’ ‘=1 for )

W,

X

2) Activated input
1
1+exp(wo+w x | +Wox 3 +w3x3)

P(x1,x2,x3) =
3) Classification

if @(x1,x2,x3) > ¢ Classify as "1"
@(x1,x2,x3) < ¢ Classify as "0)

23



Illustration of a multi-layer model for regression with logistic activation function
before emission to the output layer

Activate the red linearly collected input

Identity activation

D_' Fitted value

AN

Y

3 more “w” coefficients

Activate the linearly collected input

12 “w” coefficients”
-3 “Red” There are 4 intercepts: 3 for each

Neuron in the “hidden” (middle) layer

-3 “Blue”
and 1 in the outer layer

-3 “Organge

Algebraically, the model looks like

1
y = Po+ P RED
1+ exp(w([)l] +F wEl]xl +F wgl]xg < wgl]xg F wé[‘l]x4>
1
+ ﬂz
1+ exp(w([)z] + w[lz]xl + wgz]xz + w£2]x3 + w521x4> BLUE
1
+ B3 +e
1+ exp(wg] + w[13]x1 + w?]xz + w?]m + w53]x4>

4 BETAS+ 15 w’s= 19 regressions to estimate

24



NEURAL NETWORKS ARE UNIVERSAL APPROXIMATORS
(Follows from Kolmogorov’s Theorem)

50 x values sampled from U[-1,1] and then evaluate f(x). Fit a two-layer
NN with 3 hidden nodes and fanh activation functions and linear output

Figure 5.3 lllustration of the ca-

pabilty of a muliitayer percapiron
1o approximate four different func-
tions comprising {a) fix] = =*, {b)
flz} = sin(z), (o), flz} = |z,
and () fiz) = H(x) whare H(z)
is the Heaviside step function. In
each case, W = 50 data points,
shown as blue dots, have been sam-
plad unliormly in o over the interval
(—=1,1) and the corresponding vak
ves of fix) evaluated. These data

points are then used to train a two-
Jayer network having 3 hidden units

with ‘tanh’ actvation functions an
linear oulpu! units.  The resultin
network lunctions are shawn by e
red curves, and the outpuls of
three hidden units are shown
three dashed curves.

Output from hidden node

THE INFINITESIMAL MODEL AS A REGRESSION
ON RELATIONSHIPS

y=u+e

u~ (0,Ac?)

y=AAu+e
= Au* +e

N
Vi = E aiju}‘+ei
=1

Use elements of
A (or G) as inputs Recall

(covariates) in a regression A=CC’ (Cholesky)
Model with random effects

25



The infinitesimal model as a regression on a pedigree

5 t=Czo,+e=Cu +e u'=z0, ~(0,1c%)
=8 (Z jzlciju Y )+ei’ Identity activation
-1 * sk — _

2) t:AA u+e:Au +e, u :A1UN(O,A IO'Zu)

n ksk
ti =8 (Z j=1 alju J ) + ei s Identity activation
3 t=AT'Au+e=A"u" +e, u™ = Au~ (0,A’c?,

— n I kk Identity activation
ti_g(zjzla u J)+el'9

The infinitesimal model as a linear neural network

O,

E Fitted value
@/ ./)7
Identity activation

The x’s variables are the additive relationships of the animal
phenotyed to ALL other individuals in the pedigree

26



Other than a naive theory (the infinitesimal additive model)
nothing precludes using what might be
a better approximation (Kolmogorov)

“biases” (intercepts)

N
ti - g(b v Zwkgk (bk + Zjﬁlaiju**[k]j) + € [= 1,2,...,”

/ k=1

“Overall” activation furction
linear for quantitative fraits
q

Neuron-specific activation function

Regression on activated emissions

Elements of pedigree
(or genomic) relationships

Bayesian reqularization
(need to cope with p>>n)
p(D|b,w,c°, M) =ll[N(ti |b,W,02,M)

i=1 \
Likelihood

A network

Architecture

(number of neurons

and activation functions)

plwl o’ )=N{015%)

(This assumes that all w coefficients are shrunken to the same extent. This is probably not a good assumption, but convenient)

Conditional posterior

P(D|w,c’,M)P(W| o, M)

P(W|D,o%,02,M)= —
P(D|o",0,,M)

27



Marginal density of the data (used to assess variance components)

P(D|o”,07,M) = [ P(D|w,c*,M)P(W | &7, M )dw

2

a % 1 2 1 Integral not in closed form
p (D | o, O'W,M ) = 2 2 X in non-linear networks
270 20,

1 & s v R
IeXp Y (ti _b_zwkgk(bk +Zj:1aij” “) ] - TW'W dW
=1

i=1

n

F(a,,B)z ,BZ(Q -b —iwkgk(bk + Z’;:laﬁu**[k]j) j +oW'w = SE, +aE,
f i=1 k=1 ’ «€ f

“penalized” sum of squares 1120 126w

Laplacian approximation yields

Remember Smith and Graser (1986); Graser et al. (1987); Tempelman and Gianola (1993)

1
log[p(D | a, B, M)~ K +§log(ﬂ)+ % log(er) - |ﬂED + aEW|WW @p) 5 log"H"W,,,ap (@.p)

m Hessian of F

Ppew = MAP, . MAP
2\lw w

+trHA;,1AP)

n—m-+ 2aMAPtrH;,[1AP

ﬂnew = n S
n ok 2
22 t; _b_zwkgk(bk +Zj:1a’7u [k]j)+€iJ
MAP

i=1 k=1

Effective number of parameters y=m-— 2a MA Pl‘r H ]:41/1 P

28



Data

(297 Jersey cows)
« Target : Fat Yield Deviation

Milk Yield Deviation

Protein Yield Deviation
 Inputs : Elements of Relationship Matrix

(Pedigree or Genomic, or both)
« Rationale (again)

y=u+e

u ~ (0,Ac?
( ’ ¢ ) Use elements of

y = AAlu+e ‘A (or G) as inputs in NN

= Au* +e
N 35,798 SNPs used to build G
yi= Z aijll; +e; as in Van Raden (2008)

j=1

Descriptive Statistics

Variable N Mean StdDev (cv) Min Max

Yield_devMilk 297 1513 1821 (120) -3669 7544
Yield_devFat 297 73 103 (142 -187 1209
Yield_devProt 297 59 59. (101) -117 267

29



ARCHITECTURES tanhe = Sohe _ eT—e e -1

coshr ~ e* +e* e 41

Relationzhip matrix

(pedigree or gemomic) Fat, milk, protein

Weights from input to hidden layer, Wy Weights from hidden to outgut layer, W Yield Deviation

"
wsy ;
Output
.
207
"-;,5'-
. . ;
Input Layer Hidden layer, £ neuron: with hyperbolic tangent ‘Ouiput bayer, 1 newrem. with Nasar
activation function activation function

Fitting the networks (MATLAB)

* TRAINING (60%0), and TESTING
(20%0) sets

» Non-linear regression with Gaussian prior assigned to the
weights and Gaussian likelihood

 Given variances, find mode of weights using non-linear
optimization method in TRAINING set

» Examine performance in the set
* Predictive performance assessed in TESTING set

NN with 1 Neuron and linear activation function is “animal
model” with unknown variances

Run 25 times (to get more stable results) with random partitions




Effective number of parameters

=+=TFatyield =W=Milkyield =Proteinyield

168
160 -
152 4
144 - Pedigree realtionships
136
128
120 -
112 -
104 -
96
88 1

Genomicrealtionships

80 1 T T T T T T T T T T T

N & & & & J & S
» Q & N N & & 3
& & Q L & & & Y

N o
FdFFHSSS O

Effective number of parameters
(entire data set)

=+=Fatyield =@=Milkyield ==Proteinyield

Pedigree realtionships
Genomicrealtionships
T T T
$ Q> S & & o 3 > & S & &
) Qz,'t' \)@ &cﬂ‘ &04.\ &Q&\ @Q @Q K Q$c) & & @Q *0{\ &0¢
S RGN T A T
N % ' » & ™ N o ) - W o

Sum of squared prediction errors in testing set
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=4=TFatyield == Milk yield Proteinyield

r

Pedigree realtionships Genomicrealtionships

RS & & & C) J &

W Q & & &
\}'&\0 Qﬁ?*\' %@é 3 \N’.}}* é@}@ %('}}‘ d %@0‘ \> ét‘ \L
N Y a " P » N BY; o

$ & @& & & &
S S FFF&HS

/"'-:P‘\/

Correlations in testing set

Illustration of more results

» Using pedigree additive relationships only

32



RESULTS (Testing set correlations)

Linear 1-neuron  2-neurons 3-neurons 4-neurons 5-neurons 6-neurons

Fat_dewviation 0,11 023 0,22 0,22 0,20 0,23 0,27
Milk_deviation 0,07 0,10 0,08 0,13 0,09 013 0,10
Prot_Deviation 0,02 0,09 0,08 0,10 0,14 0,15 0,11
——Ful doaalion —8— Nl duvigio Frol Devigbo
0265

01683

0415

0.065

Linear T-neuron Z-neurons Irnewons 4-neurons Fnewons frneurons

Results are average of 25 runs for each architecture

‘ —e— train —®— validat test genera]‘

.+

EVIDENCE OF OVERFITTING IN TRAINING TEST

0.8

0.6

0.4

0.2

‘+&rain —=— validat test general ‘ . [~ train —8—validat__test < goneral|

1
0.8
0.6
0.4
0.2

i . "
N —— B — e ~—
0
Linear I-neur  2-neurs 3-neurs 4-neurs S-neurs  G-neurs Lincar I-neur 2-neurs 3-neurs 4-neurs S-neurs 6-neurs.
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MSE (testing data set)

125 —&—Fat_deviation ~@—Milk_deviation Prot_Deviation
1]
RIS
1.1
1.05
1
0.95
0.9
Linear I-neuron 2-neurons 3-neurons 4
Values of weights (regressions) for the linear and “best” NN
0.5¢
Fat-linear Prot-linear
0.4

500 1000 1500 2000

Milk-5 Neurol

) 500 1000 1500 o 500 1000 1500

REGULARIZATION
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Distribution of weights for linear and “best” NN architectures

70

-1 -0.5 0 0.5 1

Milk-linear

80

40

20

&0

o [ |

0 0.2 0.4

1000 0 1200
Milk-5 neurons Prot-5 neurons
800 1000
800 800
600
600 600
400
400 400
200 200 200
0 0 0
-0.2 -0.1 0 0.1 0.2 -0.2 -0.1 0 0.1 0.2 -0.2 0.1 0.1 0.2 0.3
“Total” influence of inputs in neural network
Value of fat
Value of fat yield
yield deviation = Anim_id = Anim_id deviation
212 264 168 252
212 281 194 241
234 261 278 245
241 194 208 265 NN output
245 278 214 187
2l 255 257 191
252 168 296 256
256 206 211 304
265 208 255 251
304 211 281 A
308 215 215 308
316 190 190 316
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WHEAT DATA SET: 599 lines (480 training-119 testing, 50 random repeats)
1279 binary markers

ANN architectures Linear 1 y 3
neuron neurons |neurons |neurons

SICEEOCE oIl 299+5.5

260+6.1  253+5.9  238+5.5  220+£2.8

parameters BENCHMARKS: BAYESIAN LASSO 0.50 4 SVM MODELS 0.50-0.58
Correlations

testing set 0.48+0.03 0.54+0.03 056+0.02 0.57+0.02 0.59+0.02

Mean squared error

in testing set 0.99+0.04 0.77+0.03 0.74+0.03 0.71£0.02 0.72+0.02

ANALYSIS IN PROGRESS BY CROSSA ET AL. (CIMMYT)

Maize corn-flowering Data used in Crossa et al. (2010)
Trait-environment M-BL M-RKHS M-RBFNN
SS-ASI 0.5425 0.5926 0.5821
SS-FLF 0.7417 0.6132 0.7460
SS-FLM 0.7404 0.6453 0.7678
WW-ASI 0.5153 0.5580 0.5365
WW-FLF 0.7268 0.5372 0.7869
WW-FLM 0.7428 0.5743 0.7981
SS-GY 0.4743 0.5318 0.5174
WW-GY 0.5634 0.5459 0.5586
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Maize

disease -
-GLS --
high
density
55k
|\/|_
Sites M-BL M-RKHS RBFNN
1 0.2188 0.2099 0.2604
2 0.4174 0.4131 0.4308
3 0.5899 0.5691 0.5823
4 0.5215 0.5044 0.5058
5 0.3419 0.3064 0.3442
6 0.2842 0.2535 0.2775
Maize under 2 level of drought
-- high density 55k
M- M-
Environment M-BL RKHS RBFNN
GY-Moderate
drought 0.6333 0.5591 0.6531
GY-Severe
drought 0.4104 0.3652 0.3910
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Wheat trait 1

Sites M-BL M-RKHS M-RBFNN
1 0.5969 0.6630 0.6581
2 0.6861 0.7278 0.7069
3 0.6224 0.6943 0.6866
4 0.0673 0.1419 0.1840
5 0.6481 0.6824 0.6744
6 0.3798 0.4659 0.4586
7 0.5984 0.6235 0.6284
8 0.5493 0.6054 0.6100
9 0.5374 0.5821 0.5827
10 0.4775 0.5024 0.4274
11 0.7721 0.7422 0.8039

Wheat trait2

Site M-BL M-RKHS M-RBFNN
1 0.4830 0.5216 0.5149
2 0.6928 0.6753 0.7085
3 0.2285 0.3889 0.3827

4 0.4610 0.5508 0.5557
5 0.7509 0.7147 0.7880
6 0.8101 0.8031 0.8399
7 0.4695 0.5374 0.5285
8 0.8345 0.8261 0.8657
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PUNCH LINE:

over 35 trials, the winner 1s...

M-BL M-RKHS M-RBFNN

14% 34%
5 12

Any concerns about the predictive ability of non-parametric methods,
relative to those that “help to understand genetic architecture”?

52%
18

Crossa et al. (2012)
TAG-under review

Table 1. Mean comelation of three modals, Bayesian LASSO (BL), reproducing
kernel Hilbert space (REHS) regression, and radial basis funchion newral netweork
(RBFML), and the mumber of imes one model has a higher correlation than the other
(REHS-BL, RBFNN-BL, and REHS or RBFNN=BL) for 50 rendom partitions for
each of 23 mdrvidual data sefs (frait-environment combinations) and across 21 maize

data sets.
TMumber of times 3 model 15 better
Mean comelation than the other
Traat- EEHS EBFNN EEHS
environment”  BL REKHS REFNN =BL -BL =RBFNN

FFL-WW 0314 0836 0.834 37 32
FFL-35 0754 0763 0.757 30 32
MFL-WW 0817 0841 0.832 37 32
MFL-55 0776 0782 0.780 31 36
ASL-WW 0.582 0.586 0.554 n 32
AST-SS 0612 0621 0.603 34 1
GY-55 0326 0330 0.288 28 13
GY-WW 0557 0548 0.529 16 13
GY-HI 0633 0663 0.653 37 37
GY-LOW 0410 0402 0.393 37 31
GLS1 0220 0259 0.260 12 20
GLS2 0415 0439 0431 36 17
GLS3 03590 0579 0.582 1 15
GL54 0522 054 0.506 N 24
GL5 35 0346 0332 0.344 39 38
GLS 6 0284 0263 0.278 9 25
GLS7 0477 0502 0.508 36 16
GLS S 03596 0584 0.592 42 %
GLS 9 0522 054 0.506 24 21
HNCBL 1 0.644 0709 0.691 49 45
NCBL 2 0478 0491 0.525 34 36
-— Combined 21 maize trait-environment ——-—-—-—---—--

542 0.553 0.547 688 627 616

=+ FFL: female flowering; MFL: male flowering; ASI: MFL to FFL mterval; GY:
grain yield; 55: severe drought stress; WW: well-watered environment; HI: optimum
emvironment; LOW: stress environment; GLS: Cercospera zeae-maydis; NCLB:
Exserohilum murcicum.
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WHAT ABOUT THE BREEDING
VALUE?

1

2' By network design
By math

— ! 2. — !i( I )
a) Infinitesimal model Vi= Z ;U U = Z; 2z Z;u).

b) Markers model yi = -3;_3:1 ;‘(Uﬁ] + ef. — x;B + ei'

r 0 PN —
Marked breeding value= Xi a_xl (xiﬁ ) =X iﬁ !

¢) Neural network with hyperbolic tangent activation function throughout
5 as
=h > w.g, (b +>" DI
t.=b+cg| ) wg, (b 2 e.
k=1

k]

.2 [ ., - & . wir]
BV, = pigyti=cg LZ_IZ w, g, (b, +Z;=l P, )}pi kz_l:wkgkt(bk +ZJ=1 P, u

S i
g[z wg (b +3" P h I)-l =4P(1-P).
o fl v J

$ “4r
exp{ ZZ“;gk(bk IZT_[;),'_::__' )J
k=l

P= 5 —=,
L+exp| —2Y wg, (b, + Z:_Ip,;r.r', 1y ‘
k=l
= }_u__"“'}\
and n “IE
P exp[— 2(b, +Z,=1P:;”; )]
g (b, + X pu, u " =4R(1-P), o1+ expl— 2(b, + Z:’:l P, " )J
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WHAT ABOUT THE
IMPORTANCE OF A GIVEN SNP?

Joseph, H., Huang, W. L. & Dickman. M. (2003). Neural
network modelling of coastal algal blooms. Ecology
Modelling 159, 179-201.

Genet. Res., Camb. (2011), 93, pp. 189-201. @ Cambridge University Press 2011 189
This is a work of the U.S. Govemment and is not subject to copyright protection in the United States.
doi:10.1017/S0016672310000662

Prediction of body mass index in mice using dense molecular
markers and a regularized neural network

HAYRETTIN OKUT"**, DANIEL GIANOLA®*** GUILHERME J. M. ROSA®*
anp KENT A. WEIGEL*
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Fig. 6. Plots for the index values of 798 SNPs as prediction of BMI. The solid line gives the cutoff point separating SNPs
with index values larger than 0-45%.
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Table 2. Relative importance of SNPs with Igyp; values larger than 0-45% for the each of the non-linear

networks

7 neurons 6 neurons 5 neurons 4 neurons 3 neurons 2 neurons 1 neuron
SNP Issp SNP Isnp SNP Inp o SNP Issp SNP Isse SNP Isine SNP Inp
D (%) ID (%) 1D (%) ID (%) ID (%) ID (%) ID (%)
420 045 7985 046 420 045 1513 045 5010 046 4319 046 1513 045
7985 0-47 5012 048 7985 046 7985 045 4319 046 8500 048 7985 045
5012 0-47 8590 048 8590 048 348 048 10136 046 348 049 348 048
8590 048 4319 048 5012 048 8590 048 348 047 5012 0-50 8590 049
384 0-48 384 048 4319 048 3891 053 10 141 047 384 050 3891 053
4319 048 5010 049 384 048 5012 053 472 048 5010 051 5012 053
5010 0:49 3891 049 5010 049 2487 053 3801 049 3891 051 2487 053
3891 0-49 472 050 3891 049 384 054 2487 0-51 472 053 334 054
472 0-50 10136 052 472 050 10136 054 2770 0-54 10136 0-53 10136 054
10136  0-52 10141 052 10136 052 5010 0-54 10961  0-55 2487  0-53 5010 0-54
10141 052 M8 052 348 052 472 054 12132 059 10141 053 472 054
348 0-53 2487 055 10141 053 10141 0-55 3978 092 10961  0-58 10141  0-35
2487 0-55 2770 0-58 2487 055 10961  0-58 2770 060 10961  0-58
2770 0-58 10961  0-59 2770 058 2770 063 12132 064 2770 063
10961 0-59 12132 064 10961 059 12132 064 3978 094 12132 064
12132 0-64 3978 093 12132 064 3978 096 3978 09
3978 093 3978 094

T111111

* Neural networks: universal approximators

CONCLUSION

* Need to arrive at suitable architecture (number of layers,
number of neurons, choice of activation functions)

* Neural network must be assessed in predictive ability

» Important variables in a network can be detected

» Coefficients do not have obvious interpretation (except in
linear networks)

* The infinitesimal model is a naive network

» The mechanistic value of the additive model is dubious in
the face of complexity of biological systems
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