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ABSTRACT

An aternative algorithm for the solution of random regression models for analysis of test-day
yield was developed to allow use of those models with extremely large data sets such asthe US
database for dairy records. Equations were solved in two iterative steps: 1) estimation or update
of regression coefficients based on test-day yields for a given lactation and 2) estimation of fixed
and random effects on those coefficients. Solutions were shown to be theoretically equivalent to
traditional solutions for this class of random regression models. In addition to the relative
simplicity of the proposed method, it allows several other techniques to be applied in the second
step: 1) acanonical transformation to simplify computations (uncorrelated regressions) that
could make use of recent advances in solution algorithms that allow missing values, 2) a
transformation to limit the number of regressions and to create variates with biological meanings
such as lactation yield or persistency, 3) more complicated (co)variance structures than those
usually considered in random regression models (e.g., additional random effects such as the
interaction of herd and sire), and 4) accommodation of data from 305-d records when no test-day
records are available. In atest computation with 176,495 test-day yields for milk, fat, and protein
from 22,943 first-lactation Holstein cows, a canonical transformation was applied, and the
biological variates of 305-d yield and persistency were estimated. After five rounds of iteration
with a sequential solution scheme for the two-step algorithm, maximum relative differences from
previous genetic solutions were <10% of corresponding genetic standard deviations; correlations
of genetic regression solutions with solutions from traditional random regression were >0.98 for
305-d yield and >0.99 for persistency.



INTRODUCTION

Random regression models [e.g., (10)] that have been proposed for analysis of test-day yields (6)
are computationally demanding, and few algorithms are available to simplify the computations.
A (co)variance function can be defined as a continuous function that represents the variance and
(co)variance of traits measured at different points on atrgjectory (7, 8, 9). Recently, the
equivalence between random regression and (co)variance function models was shown (9, 13).
Therefore, (co)variance function coefficients can be computed directly as (co)variance
components of the equivalent random regression model. The equivalence between random
regression and (co)variance function models also can be used to simplify computations of
random regression models (13).

The objective of this study was to develop an aternative algorithm to solve a random regression
test-day model for use with extremely large data sets, such as the US national database of dairy
records. Additional objectives were to facilitate the integration of data from 305-d records when
no test-day records were available and to simplify the development of an index for lactation
performance that includes genetic differences in lactation curve (persistency) and, for multiparity
models, genetic effects of parity (maturity rate).

MATERIALSAND METHODS

Equivalence Between Random Regression and I nfinite-Dimensional M odels

Consider the following model to represent a special class of random regression modelsin which
the same regressions are used for al time-dependent fixed and random effects:

y=Xb+{Jr+e
~Xb +Q(We +Za +p) +e, 4]

wherey = vector of observations (e.g., test days within traits within animal), b = vector of time-
dependent fixed effects (e.g., herd test day), X = incidence matrix linkingy and b, r = vector of
time-independent random effects (e.g., phenotypic cow effects with several effects per animal
that represent regression coefficients), Q = covariate matrix linking y and r and transforming
time-dependent y to time-independent r, ¢ = vector of time-independent fixed effects (e.g., age-
season of calving), W = incidence matrix linking r and c, a = vector of random additive genetic
effects, Z = incidence matrix linking r and a, p = vector of random nongenetic cow effects, and e
= vector of residual effects (e.g., measurement errors).

The means and covariance structures of y, r, a, p, and e can be summarized as

[2]
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where A = matrix of relationships among animals; R = variance-covariance matrix for e; | =
identity matrix; K . and K , = genetic and environmental covariance matrices among random

regression coefficients, respectively; and ¥ = Kronecker product operator.

This traditional random regression model aso can be written to represent an infinite-dimensional
model in whicht = Qr:

y=Xb+t+e [4]
For every animal i with records,
y.=Xb+t +e, [5]
wheret. represents a vector of cow-specific effects that are observed for cow i.

The variance of t. then can be subdivided into genetic (G,) and environmental (P,) parts and
modeled using covariance functions:

Var(t;)) = G; + B

6
= QK Q"+ QK Q,° 6]
Therefore, the matricesK _ and K are not only the genetic and environmental covariance

matrices, respectively, among random regression coefficients but also the coefficients of the
genetic and environmental covariance functions.

The regression covariate matrix Q is defined in general and can have different structures. The
easiest way to understand this structure is through an example, such as the analysis of milk, fat,



and protein yields on first-lactation test days. Then,

Q, - 0

Qi

where the test-day yields for milk, fat, and protein are ordered as observations within trait within
animal so that Q can be split into Q. blocks with a different block for each animal i. Each block

is calculated as

$u O O
Q;=| 0 Pr; 0 |. [8]
o 0 4,

where % is defined as the matrix of regression variables associated with test-day yields for milk
(m), fat (f), or protein (p) for animal i. The ® matrices for milk, fat, and protein can be different
and may not be block diagonal; e.g., no protein yield was recorded, or more observations were
recorded for milk than for component traits.

Alternative Two-Step Solution Algorithm

Solution of arandom regression model traditionally is done through mixed model equations:

[ xrR7x xR Qw X'R QZ xelg ][+
WOQRIX WOQR QW WQ'R QZ WQR @ :
ZQRIX zZQRQW ZQRQZ+ATOKZ ZQRQ i
QR x Q'R QW Q'R 0z QRIQ+I®K. | |p
I ) X'R-_l}-r : [9]
|wer7y
Nzor?y|
X QIR_I}r |

Because those equations are large and dense, their solution is difficult when the population to be
analyzed islarge. However, the mixed model equations can be subdivided into two sets of
equations that can be solved sequentially. The first set of equations estimates b and p; the second
estimates ¢ and a.



Estimation of b and p (Step 1). At iteration k+1, the new estimate for b is obtained using current
estimatesfor c, a, and p as

B = (XRX)XR [y - QWE® + Z&® + 5], [10]

which is derived from Equation [9]. Solutions can be computed directly herd by herd if fixed
effectsin b are defined specific to herd (e.g., herd test date). Block inversion also is possible, as
the order of every block islimited and equal to the number of herd-specific levelsin b.

The new estimate for p is obtained using current estimates for b, ¢, and a:
p — (RTIQ+IGKE) QR [y— XbF —grwe 4 zalvy) [11]

which also is derived from Equation [9]. An advantage of this approach is that solutions can be
computed animal by animal because R isblock diagonal for every animal. Therefore, direct
inversion can be used in the computations (the order of the inverted block is equal to the number
of regressions per animal).

The vector r isthen updated using current estimates for c, a, and p:
P = W) + Zathd 4 pE [12]

Estimation of c and a (Step 2). Solutions for ¢ and a in iteration round k+1 are obtained from
equations that are similar to regular multivariate mixed model equations:

El:]x+1:| _
5+

Several solution technigues are possible because the secondary model is not completely
specified. Canonical transformation can simplify computation (uncorrelated regression) by 1)
transforming the multivariate equations in Equation [13] to several single-trait systems and 2)
utilizing solution algorithms that allow missing values (1) as well as have other generalized uses
as described by Ducrocg and Chapuis (2). Therefore, additional traits (such aslactation yield for
cows without test-day records) also could be included. Variates with biological meaning (such as
lactation yield, persistency, and maturity rate) could be created by transformation of regressions
from Step 1 of the two-step algorithm. Such transformations would simplify the computationsin
Step 2 by limiting the number of traits (14), which then would facilitate the devel opment of an
index for lactation performance.
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Other advantages result from splitting of random regression equations. Multiparity models can
be developed by considering yields in second or later lactations to be additional traits. More
complicated (co)variance structures than those usually considered in random regression models
(e.0., additional random effects such as interaction of herd and sire) can be easily accommodated
if (co)variance matricesfor al random effects remain at |east approximately diagonalizablein



Step 2 of the two-step algorithm.

Proof. To show that the solutions for b, ¢, and a from the two-step algorithm are equivaent to
those from Equation [9], first absorb p into the mixed model equations:

X'MX X'MOQW X'MQZ b X'My
WM WOQMOW W'Q'MOQZ c| = |WQ My|, [14]
ZO'MX Z'QMOW ZQMQZ+AT®K.||a Z'Q'My
where M is the absorption matrix:
M-R”-RTQQRIQ+IOK;) QR -[R+QIOK,)Q]". [15]

Based on Equation 9 and an equivalent model in which the effect of p appears only in the

residual covariance structure that is represented by M (see Equation 15), the back solution for p
gives

P = (QRIQ+IBK)TQR [y -Xb - Q(WE + Z3)]

. L [16]
= TRKy Q' My - Xb - Q(Wc + Za)] .
Use of Equation [16] is equivalent to the estimation of p as regression on test-day yields
corrected for all other effectsin the model. Next iterate on Equation [14] using two blocks:
B = 0 M) 0 MIy-Q(wet + Za™)). [17]

Equations [16] and [17] are equivalent to estimating b and p in Equations [10] and [11] at k+1
rounds of iteration, and

W'Q'MQW W'Q'MQZ ] WMy - Xh*D)
ZQMOW Z'Q'MQZ+AT @K |00 | 7| zomay - xp 0y | [18]
Now the different blocks of the coefficient matrix in Equation [18] can be rewritten as
WOMOW = W'(I@K;ij +[WOMMOQW -W'(I @K;)W] [19]
- WK W-W(IeK: -QMQW
WQ'MQZ =W (IQKNZ +[WQMOQZ - W (I RKZ] (20]

- WIRKZ -WAKL -Q'MQZ

[21]
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After introducing those blocks, moving them to the right-hand side, and using the estimates of b
at iteration k+1 and of c and a at iteration k,

W(I @K'ljw '(I @K R
Z'I®Kg DWW ZWIRK }Z+A K7 | |a%!
[23]
WO My - X&) + W I B K} - QMQ(We® + 23®)
ZQMy-X") +ZIeK -0 MQ)(WE“" +Za™)
Then
Q'M(y - Xb¥ ) + (1@ K - oM@y we™ + 23y = (1@ Kphstk, [24]

which shows that Equations [13] and [23] are equivalent because Equation [24] is the same
equation as that obtained by including Equation [11], which updates p, in Equation [12], which
updatesr, and replacing M in Equation [15]. Therefore, solutions for ¢ and a obtained from the
two-step algorithm (Equation [13]) are equivalent to those from the mixed model equations

(Equation [9]).

Similarity to the method of van der Werf et al. With cursory inspection, the two-step algorithm
does not appear to resemble the equations of van der Werf et al. (13). Their derivation was based
on replacing y with areduced form of the data, whereas the equations in the two-step algorithm
(Equations [10], [11], [12], and [13]) were developed by subdividing a class of random
regression models into two models. However, the two-step algorithm can be shown to be a
generalization of the van der Werf et al. (13) equations by restructuring the same equation that
was used to demonstrate the equival ence between the solutions from the algorithm and the mixed

model equations (Equation [24]):

f(k"'l:] —WE(kj +Za(k:| + (QIR_].Q +I @K_l -1 Q.R—]_[I:F_:{E(kﬂj —Q(WEU{) +Za(k:]:l]
=QRIQ+I@K QR (y- Khlikﬂ)) + 25
[I-(QRWQ+IKNTQRIQIwWe™ + za™y,

That generalization of the expression of van der Werf et al. (13) includes time-dependent fixed
effects, ageneral definition of R and Q, and no limitations on the covariance structures.
Indirectly, the derivation of the two-step algorithm also is a proof of the equations of van der
Werf et al. (13).



Sequential Solution Scheme

Similar to the approach proposed by van der Werf et al. (13), an expectation-maximization
algorithm can be used to update r. During iteration, a part of r would be estimated once, and
another part would be updated based on current estimates of b, ¢, and a:

PR = Q(y - XBH) + M- Q QW +ZaM)

N 26
=Q*j’—Q*Xh(h+”+{I—Q*Q}[WEEM+ZEM] , [ ]

where@*= (QRIQ+I®K:H QR

In contrast to van der Werf et a. (13), who voluntarily avoided time-dependent fixed effects, the
need also to update b leads to a sequential solution scheme that is based on Equations [10], [11],
[12], and [13] from the two-step algorithm. For most practical situations, solutions from a
previous evaluation are available and can be used as starting values to speed up convergence,
especially for fixed effects such as class of state, age, season, and lactation stage. For unknown
herd test-day effects, a simple mean can be agood starting value. If genetic evaluations are
calculated every 3 or 6 mo, the relative number of additional records compared with the total
number of records would be at most 5 to 10%. For most animals, valuesfor a and p are
available, and pedigree values could replace estimates for a for new animals. Therefore, the
following sequential solution scheme is possible:

1. Generate b using Equation [10] with starting values from a previous genetic eval uation.
2. Updater using Equation [12] after estimating p using Equation [11]. The solutionsfor b
and p can aso be obtained simultaneously through the following mixed model equations:

X'R'X X'RQ B X Ry - Qawe™ + Za™)y)
QR'X QRTQ+I®Ky QR Uy - QW™ + Za%)) |

3. Solvefor c and a using Equation [13] and starting values from the last genetic evaluation.

4. Update b using Equation [10] and the new estimates for ¢ and a.

5. Solvefor p using Equation [11] and the new estimates for b, ¢, and a, and update r using
Equation [12].

6. Update c and a using Equation [13].
7. Repeat from Step 4 until desired convergence is reached.

k) [27
P

This scheme obviously only is equivalent to the traditional solution of a class of random
regression equations if overall convergence can be achieved. The procedure is similar to the
method proposed by Wiggans and Goddard (14). Such an approach also would be appropriate for
advanced milk recording plans and continuous genetic evaluations. The estimations of b and r
could be updated each time that data from a new test day are added for a given herd, thus
allowing their use for management purposes. The estimates of ¢ and a could then be updated for
the whole population on a scheduled basis (e.g., weekly, monthly, quarterly).

If cows change herds during lactation, estimation of b and p can become complicated because
multiple incomplete lactations are created. Most current systems for genetic evaluation treat



multiple lactations as repetitions even though persistency differsfor first and later lactations
(e.g., 3). To extend sequential solution to multiple lactations, regressions would have to be linked
to first and later lactations as different traits. Then only additional (incomplete) first or later
(complete or incomplete) lactations would be treated as repetitions. Inclusion of an additional
permanent environmental effect among lactations of a cow would allow effects that are specific
to a cow but nongenetic to be applied from one lactation to the next, which would also address
the difficulty of an incomplete lactation record.

Total overall convergence of the sequential solution scheme to approximate solutions from the
two-step algorithm is not assured because of possible rounding errors and other problems linked
to splitting the original mixed model equations (V. Ducrocq, 1998, personal communication).
However, the two steps will converge separately, which allows the use of the two-step algorithm
asamodel that is approximately equivalent to atraditional random regression model. In
addition, attaining complete convergence for traditional random regression models often is
difficult and slow (L. R. Schaeffer, 1999, personal communication).

Example Computations

Data. A total of 176,495 first-lactation test-day records for three yield traits (milk, fat, and
protein) that were recorded between 7 and 305 DIM were obtained for 22,943 Holstein cows that
calved from 1990 through 1996 in large herds in Pennsylvania and Wisconsin. Test-day means
were 28.1 kg for milk, 1.01 kg for fat, and 0.88 kg for protein; standard deviations were 6.8,
0.27, and 0.20 kg, respectively. Pedigree information for 43,342 animals was available from the
Animal Improvement Programs Laboratory database. Groups of unknown parents were created
based on birth years (<1981, 1981 to 1982, 1982 to 1983, ..., 1991 to 1992, >1992).

The model was based on Equation [1], but Xb was split into Hh and Ss, and third-order modified
L egendre's polynomials (constant, linear, and quadratic) wereused: |, = 1,1, =3%x, and |, =

(5/4)°3(3x? — 1), where x = -1 + 2[(DIM — 1)/(305 — 1)]. The resulting model was
y=Hh+Ss+Q(Wc+Za+p)+e [28]

wherey = vector of test-day records for milk, fat, and protein yield; h = vector of effects for
class of herd test day and milking frequency; s = vector of effectsfor class of state, age, season,
and lactation stage; ¢ = vector of nine fixed regression coefficients; a = vector of genetic random
regression coefficients with nine coefficients per animal; p = vector of permanent environmental
random regression coefficients with nine coefficients per cow with records; e = vector of residual
effects, H, S, W, and Z = incidence matrices; and Q = covariate matrix for the third-order
Legendre's polynomials (constant, linear, and quadratic) for all traits (i.e., nine columns per
animal). Assumed (co)variance structures were

[29]



where K . =9 x 9 covariance matrix of genetic random regressions (coefficients of the genetic
covariance function); K ;=9 x 9 covariance matrix of permanent environmental random
regressions (the coefficients of the permanent environmental covariance function); R, =3x 3

residual covariance matrix among milk, fat, and protein test-day yields; A = additive genetic
relationship matrix among animals; | . = identity matrix of dimension ¢ (number of cows or

lactations); |, = identity matrix of order equal to the number of known test days (no missing

a] |a®k, o0

pl = 0
e 0

I @K,

C

c
0 iR, @L;)
i=1

traits) for cow i; and ® = direct sum operator.

For this example, classesfor state, age, season, and lactation stage were defined so that small
classes would be avoided, but such classes should be smaller for actual calculation of genetic
evaluations. Calving ages were 20 to 24, 25 to 26, 27 to 28, and 29 to 35 mo. Starting with
January, six 2-mo calving seasons were defined. Twenty-two |actation stages based on DIM

were defined: 7 to 13, 14 to 20, ..., 56 to 62, 63 to 76, 77 to 90, ..., 133 to 146, 147 to 167, 168 to
188, ..., 273 t0 293, and 294 to 305 d.

The (co)variance components were based on those obtained previously by Gengler et a. (5) for
similar data but adapted to three random regressions from the results reported by Tijani et al.

(12).

Traditional solution for random regression model. Mixed model equations were based on

Equation [9]:
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Those equations were solved with strategies for iteration on data that use a preconditioned

conjugate gradient [e.g., (11)]. The convergence criterion was the relative squared difference
between the right-hand sides and the left-hand sides times solutions.

Sequential solution. Based on Equations [10] and [11] of the two-step algorithm modified to

Mo L o

w—

include two fixed effects, the following system obtained from Equation [27] also was solved by
using iteration on data and a preconditioned conjugate gradient:



HR'™ HRTS HRIQ ' H'R [y - Qowe™ + 2z
SR'H SRS SRTQ s¥H = | SRy -oWe™ +2a™]| [3y
QR QRS QRIQ+I@KZ|[p%Y| |QRy-Qwe® +Zz3™)

and r was updated using Equation [12]. Because no information was available for c and ain the
initial estimation of r, Equation [31] was modified in the first round of iteration to the following
system:

HR'H HR'S H'RQ h" HRy
SR'H SRS SRIQ sVl =[sry], [32]
QR QRS QRWQ+IBK, +K )| [F¥ Q'Ry

which is equivalent to traditional estimation of r with arandom regression model under the
assumption that all cows are unrelated and that all the fixed regressions (c) are 0. Based on
Equation [13] of the two-step algorithm, ¢ and a were estimated using canonical transformation
and strategies for iteration on data that use second-order Jacobi iteration.

Estimation of 305-d yield and persistency. To illustrate the possibility of creating biologically
meaningful variates and to compare solutions from the traditional random regression model and
the two-step algorithm, two new variates were calculated as linear functions of solutions for the
three regressions. 305-d yield and persistency. The 305-d yield was defined as sum of all daily
solutions from 1 through 305 DIM. Because persistency has been defined in different ways by
various researchers (3), the method that has been used by the Canadian Dairy Network since
February 1999 was chosen (6). This method is basically alinear function of the additive breeding
value at 280 DIM minus the additive breeding value at 60 DIM.

RESULTSAND DISCUSSION

Data and model characteristics for the example computations are shown in Table 1. The
traditional random regression model (Equation [30]) produced 610,056 highly dense equations,

especially because of the multiplication by 9 of the coefficients introduced by the A= matrices of
animal relationships. With the two-step algorithm, the number of equationsin Step 1 was
reduced to 219,897, and those equations a so were |ess dense because no rel ationships among
animals were included. The number of nonzero coefficients for animal equations was reduced,
on average, from 81.5 (6 for fixed effects, 9 for fixed regressions, 9 x (1 + 5.39) for genetic
effects, and 9 for permanent environmental effects) to 15 (6 for fixed effects and 9 for permanent
environmental effects). Although relationships were included in Step 2 of the two-step
algorithm, the number of equationsin Step 2 were reduced through canonical transformation to
nine single-trait animal models.

Table 1. Data and model characteristics for example computations



to solve alternative regression models based on test-day yield.

Category Number
Cows 22,943
Test-day yields' 529,485
Classes for herd test day and milking frequency? 10,242
Classes for state, age, season, and lactation stage® 3168
Inverse of relationship matrix
Animals 43,342
Genetic groups 8
Nonzero elements 276,970
Off-diagonals per line, X 5.39
Equations

Traditional random regression model
(Equation [30])
Two-step algorithm
Step 1 (Equations [31] and
[12)) 219,897
Step 2 (Equation [13]) 390,159

610,056

Threeyield traits, 176,495 test-day records.

*Threeyield traits, 3414 groups for herd test day and milking
frequency.

3Threeyield traits, two states, four calving age groups, six calving
seasons, and 22 | actation stages.

Solution of the traditional random regression model required 588 rounds of iteration to reach a

convergence criterion value of 1 x 107™°. Because of concern about the convergence behavior of
random regression models and because of a possible lack of convergence as indicated by some
relatively large changes in solutions after further iteration, an additional 1000 rounds of iteration

were computed. Convergence improved only to avalue of approximately 1 x 107, but genetic
regression solutions changed dramatically (up to 72% of a genetic standard deviation).
Therefore, computer word size was increased to 8 bytes to reduce rounding errors, and an
additional 600 rounds of iteration were computed. This further iteration resulted in convergence

values that oscillated between 1 x 10 and 1 x 10, and solutions for random regression effects
changed up to a maximum of 12% of a genetic standard deviation. Those solutions were
considered to be reference solutions for comparison with solutions from the sequential solution
scheme for the two-step algorithm even though convergence of the traditional random regression
model might have been incomplete.



The number of rounds of iteration was not used as a comparison criterion between solution
methods as the time required per iteration was extremely different among the solution systems
(traditional random regression model and Steps 1 and 2 of the two-step algorithm). The time
needed for around of iteration for the two-step algorithm also was variable because of the
extensive use of previous solutions as starting values. Four rounds of iteration for the two-step
algorithm took approximately 3% of the time needed for the >2000 rounds of iteration that were
computed to solve the traditional random regression model; additional rounds of iteration for the
algorithm would be faster.

To study overall convergence of the sequentia solution scheme for the two-step algorithm, the
maximum absol ute differences of genetic regression coefficients were expressed relative to the
corresponding genetic standard deviations (Tables 2, 3, and 4). Maximum relative differences
from traditional random regression decreased rapidly to <10% by round 4 of iteration and
stabilized around 7% for all three yield traits. Maximum relative differences from the previous
round of iteration decreased steadily, which indicated that solutions from the sequential solution
scheme were converging. This criterion also could be used as the overall convergence criterion
for the two-step agorithm.

Table 2. Maximum relative differences' and correl ations between
solutions for additive genetic regression coefficients for milk yield,
estimated 305-d yield, and persistency obtained through random
regression or sequential solution.

Maximum relative

difference from Correlation with
nedi A2
Traditional Regresson”™ 555

Iteration random Previous | d

round  regression round ly 1 l Yield Persistency

(%) (%)

13 124 e 0.9770.9710.947 0.9770.972
2 10.3 54.8 0.988 0.993 0.976 0.988 0.992
3 9.7 27.8 0.992 0.998 0.984 0.992 0.997
4 9.3 13.0 0.993 0.999 0.987 0.993 0.998
5 8.9 7.7 0.994 0.999 0.988 0.994 0.999
6 8.6 4.8 0.994 0.999 0.989 0.994 0.999
7 8.4 4.5 0.995 0.999 0.990 0.995 0.999
8 8.3 4.0 0.9950.999 0.991 0.995 0.999
9 8.1 3.8 0.9950.999 0.991 0.995 0.999

10 7.9 33 0.994 0.999 0.991 0.994 0.999

18 6.8 3.0 0.995 0.999 0.994 0.995 0.999




Maximum absol ute difference of additive genetic regression
coefficients expressed relative to the corresponding genetic standard
deviations.

l,=1,1,=3, and |, = (5/4)°%(3x* — 1), where x = —1 + 2[(DIM —
1)/(305 - 1)].

3Initial computation was based on Equation [23].

Table 3. Maximum relative differences' and correl ations between
solutions for additive genetic regression coefficients for fat yield,
estimated 305-d yield, and persistency obtained through random
regression or sequential solution.

Maximum relative

difference from Correlation with
: 2
Traditional Regression™ 35

Iteration random Previous d
round  regression round ly ) l, Yield Persistency

(%) (%)

13 95 ... 0.9760.9640.944 0.976 0.964
2 8.7 463  0.9870.9880.964 0.987 0.987
3 8.3 244 0.9910.9950.972 0.9910.993
4 8.0 127 0.9920.996 0.977 0.992 0.994
5 7.9 69  0.9920.997 0.979 0.992 0.995
6 7.7 52  0.9930.997 0.983 0.993 0.995
7 7.7 46  0.9930.9970.984 0.992 0.995
8 75 38  0.9920.997 0.984 0.992 0.995
9 75 29  0.9910.9970.985 0.9910.995

10 7.3 28  0.9910.997 0.986 0.9910.995

18 6.8 21 0.9910.9970.991 0.9910.995

Maximum absol ute difference of additive genetic regression
coefficients expressed relative to the corresponding genetic standard
deviations.

l,=1,1, =3, and |, = (5/4)°%(3x* — 1), where x = —1 + 2[(DIM —
1)/(305 —1)].
3Initial computation was based on Equation [23].

Table 4. Maximum relative differences' and correl ations between
solutions for additive genetic regression coefficients for protein yield,
estimated 305-d yield, and persistency obtained through random



regression or sequential solution.

Maximum relative

difference from Correlation with
neci A2
Traditional Regresson™ 545
Iteration random Previous d

round  regression round ly ) l Yield Persistency

(%) (%0)

13 11.6 e 0.964 0.978 0.931 0.964 0.977
2 105 57.0 0.980 0.994 0.960 0.980 0.994
3 10.0 30.4 0.9850.998 0.969 0.985 0.998
4 9.6 12.4 0.987 0.999 0.973 0.987 0.998
5 9.3 7.6 0.989 0.999 0.976 0.989 0.999
6 9.1 5.7 0.989 0.999 0.978 0.989 0.999
7 8.9 6.3 0.990 0.999 0.980 0.990 0.999
8 8.7 4.1 0.990 0.999 0.982 0.990 0.999
9 8.5 3.7 0.990 0.999 0.983 0.990 0.999

10 8.3 35 0.989 0.999 0.984 0.989 0.999

18 7.3 3.0 0.990 0.999 0.989 0.990 0.999

Maximum absol ute difference of additive genetic regression
coefficients expressed relative to the corresponding genetic standard
deviations.

1,=1,1, =3, and |, = (5/4)*%(3x* — 1), where x = -1 + 2[(DIM —
1)/(305 - 1)].
3Initial computation was based on Equation [23].

Tables 2, 3, and 4 aso show the correl ations between additive genetic solutions for the three
regressions, 305-d yield, and persistency from sequential solution of the two-step algorithm and
those from traditional random regression. After the first round of iteration, which did not include
relationships among animals or solutions for genetic effects, correlations for al yield traits were
>0.93 for all regressions and >0.96 for 305-d yield and persistency. After an additional round of
iteration, correlations for all traits were = 0.98 for the constant and linear regressions (1, and 1),

= 0.96 for the quadratic regression (1), and = 0.98 for 305-d yield and persistency. After five
rounds of iteration, correlations for all yield traits were = 0.989 for | , =0.997 for I, 0.976 for
|, =0.989 for 305-d yield, and = 0.995 for persistency. In later rounds of iteration, correlations
tended to plateau around = 0.990 for |, I, and 305-d yield and around = 0.995 for I, and
persistency.



The plateaus in maximum relative differences and correlations between traditional random
regression and sequential solution may be the result of several factors. The incomplete
convergence of the random regression model is a primary consideration because sequential
solution could be converging to a different value. In addition, sequential solution might be
expected to provide more stable results than traditional random regression because the core of
the sequentia solution system is a canonical transformation algorithm, which would be expected
to converge more rapidly because of its simpler (co)variance structure. Rounding errors during
sequential solution also could explain some differences from random regression solutions.

The correlations found in this study were slightly smaller than those reported recently by Gengler
et a. (4) using asimplified version of the two-step approach: similar but fewer data, only one
trait, and different variance components. After two rounds of iteration, they reported correlations
of >0.98 with solutions from regular random regression.

CONCLUSIONS

Degspite the similarity of the two-step algorithm and the method of van der Werf et a. (13), the
derivations were based on different approaches. The two-step algorithm was devel oped by
representing a phenotypic random regression model through a multitrait submodel on the
phenotypic regressions, which was proved to be equivalent to a class of random regression
models. However, as shown in the example computations, R from the two-step algorithm can
describe much more complicated residua structures than can the diagonal matrix of van der
Werf et al. (13).

Step 2 of the two-step agorithm simplified computations by allowing the use of canonical
transformation and the transformation of regressions to create new variates for 305-d yield and
persistency. Because missing values can be accommodated with canonical transformation (1),
305-d yield could be included for cows without test-day data. Another advantage of the two-step
algorithm is the possibility for multiparity models.

Test computations showed that correlations of sequential solutions for milk, fat, and protein
yields with solutions from traditional random regression were al >0.97 after five rounds of
iteration even with incomplete sequential solution. Corresponding correlations were >0.98 for
305-d yield and >0.98 for persistency. The sequential solutions also showed overall convergence.

The advantages of the proposed procedure for sequential estimation of regressions and effects on
those regressions clearly outweigh any disadvantages from its only theoretical equivalence at
overall convergence to traditional solution of mixed model equations of a class of random
regression models. For those reasons and because of computational simplicity (including the use
of parallelization in solving the system of equations), the sequential solution scheme allows
application of random regression models to extremely large data sets. It could be away to allow
international test-day animal modelsin which Step 1 is done nationally and Step 2 is done
internationnally.
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