Prediction of 100-d and 305-d Milk Yieldsin a Multibreed Dairy Herd in Thailand
Using Monthly Test-Day Records?

Skorn Koonawootrittriron , Mauricio A. Elzo?, Sornthep Tumwasorn, and Wirot Sintala?

Department of Animal Science, Faculty of Agriculture,
Kasetsart University, Bangkok 10900, Thailand.

Abstract

The ability of eight proceduresto predict 100-d and 305-d milk yields using monthly test-
day records was tested using 28,452 daily yields from 88 cows in a multibreed dairy herd
provided by the Sakon Nakhon Agricultural Research and Training Center. The eight procedures
were: test interval method, gamma function, mixed log linear, and second, third, fourth, fifth, and
sixth degree polynomia models. The breed groups represented in the multibreed herd were HF,
1/2HF 1/2RS, and 3/4HF 1/4RS. Prediction of 100-d and 305-d milk yields by the eight
procedures were compared with actua 100-d and 305-d milk yields within breed group x
lactation number x calving age and breed group x lactation number x calving season subclasses.
Least squares means of individual cow differences predicted and actual 100-d and 305-d milk
yields were computed for each subclass. Number of significant least square means of differences
and ranking of models within and across subclasses for 100-d and 305-d were used to evaluate the
predictive ability of the eight procedures. The highest-ranking model for 100-d was model 4
(third degree polynomia) and for 305-d was model 3 (second degree polynomial). However, no
procedure was uniformly better across al subclasses. Thus, perhaps several models might be
needed for a genetic evaluation of the animals in this multibreed population. If computational
simplicity were the primary god, then perhaps a single mode (model 3) might suffice. However,
the results of this study apply only to the data set and the multibreed population used here. To
obtain results of national relevance, this study needs to be repeated with alarger multibreed
population that more accurately represents the Thai multibreed population.
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I ntroduction

Recording of milk yieldsis essential for genetic improvement and herd management in
dairy cattle. Under increasing pressure to reduce cost, numerous milk-testing schemes have been
developed in many countries. One of the most widely used is monthly recording. In Thailand,
monthly test-day records are used to compute cumulative productions of milk and fat to 100-d
and 305-d for dairy genetic evaluation purposes. The Dairy Promation Organization (DPO), and
probable other organizations in Thailand, compute monthly milk yields using a single test-day
milk yield sample, and then, these monthly estimates are used to compute the accumulated 100-d
and 305-d milk yields. This procedure is not appropriate for individual animals because it will, in
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most cases, either overestimate or underestimate accumulated milk yields. Notice that this
procedure is different from the test-interval method (Sargent et al., 1968; Norman et al., 1999),
which computes total milk yields of intervals between two consecutive test days using the
average milk yield of these two test-days.

Although the test-interval method is the most widely used procedure to compute
cumulative milk production traits, prediction of these milk traits could potentially be improved by
using alinear or anonlinear function. Koonawootrittriron et al. (2001) showed that the second
degree polynomia was the best out of seven models to predict daily and 305-d milk yields and
the sixth degree polynomia model was the best for the prediction of 100-d milk yield within
breed group x lactation number x calving age and breed group x lactation number x calving
season subclasses in aHolstein Friesian-Red Sindhi herd in the Northeast of Thailand, when
using al daily lactation records.

Milk recording organizations in Thailand sample milk production traits on a monthly
basis. These are the records used for genetic animal evaluation in dairy cattle. Thus, milk
prediction models need to be revalidated under a test-day sampling strategy, and then compared
to the test-interval method for their ability to predict 100-d and 305-d milk production yields
under Thai conditions.

Thus, the objectives of this study were to assess the predictive ability of the test-interval
method and of seven models (gamma, mixed log linear, second to sixth degree polynomial
models) to predict 100-d and 305-d milk yields based on monthly test-day records relative to the
actual 100-d and 305-d milk yields of individua cows within breed group x lactation number x
calving age and breed group x lactation number x calving season subclasses.

Materialsand Methods

Animals, Management, and records

This study used the same data set as Koonawootrittriron et al. (2001). Thus, only a
reduced description of it will be given here. Daily lactation yields (28,452, 5 to 305 d) from 75
Holstein Friesan (HF), 8 ¥2 HF ¥2 Red Sindhi (RS), and 5 % HF %2 RS dams were collected at the
Sakon Nakhon Agricultural Research and Training Center (SARTC) between 1997 and 1999.

Cows were assigned to three breed groups according to their breed composition (HF,
1/2HF 1/2RS, and 3/4HF 1/4RS). Animals of all breed compositions were milked twice a day,
and raised under the same nutritional (grass and concentrate plus minerals) and management
conditions. Cows were artificialy inseminated up to three times, and if not pregnant at 60 d after
last insemination, they were placed with a clean up bull. Pregnant cows were dried off two
months prior to caving.

Lactation number was classified as first, second, third, and fourth and later lactations.
Calving seasons were defined as winter (November to February), summer (March to June), and
rainy (July to October). Two calving ages per lactation were defined. This resulted in eight
lactation x calving age subclasses: 1) calving age less than 30 months x lactation 1, 2) calving age
equd to or greater than 30 months x lactation 1, 3) calving age less than 44 months x lactation 2,
4) calving age equal to or greater than 44 months x lactation 2, 5) calving age less than 60 months
x lactation 3, 6) calving age equa to or greater than 60 months for the third lactation, and 7)
calving age greater than 60 months x lactation 4 and greater.

Models and Data Analysis
To accomplish the objectives of this research lactation records from the SARTC data set
had to be sampled according to the current milk sampling procedure used in Thailand. Monthly



sampling of milk production traitsisthe prevalent system in Thailand. Because of colostrum,
sampling usually begins 5 d postpartum. Thus, daily milk yields from the SARTC data set were
sampled on days 5, 35, 65, 95, 125, 155, 185, 215, 245, 275, and 305 of each lactation. These 11
measurements per lactation were used as monthly test-day records to assess the predictive ability
of the test-interval method (TIM) and the seven prediction equations to predict 100-d and 305-d
milk yields used by Koonawaootrittriron et al. (2001).

Firstly, the 11 monthly test-day records were used to predict individual cow lactation
daily milk yields (5 to 305d) within breed group x lactation x calving age and breed group x
lactation x calving season subclasses using the test-interval method and the seven prediction
equations. Secondly, accumulated 100-d and 305-d milk yields for individua lactations were
computed using these eight prediction procedures. The predicted values for 100-d and 305-d
milk yields from each procedure were deviated from their corresponding actual 100-d and 305-d
milk yields. Least squares means of 100-d and 305-d milk yield deviations (predicted minus
actua milk yields) for the test-interval method and the seven prediction procedures were obtained
separately for each set of breed group x lactation x calving season and breed group x lactation x
calving age subclasses. The statistical model used was:

dijk = Ir+ subclass + mOdte + €jk

where

dijk = difference between predicted and actua milk production of cow k at 100-
d or at 305-d of lactation, within subclass i and modd |,

n = overal mean,

subclass = " breed group x lactation x calving season or breed group x lactation x
calving age,

mode} = | prediction model and,

€jkl = residud.

All effectsin the model were assumed to be fixed, except for the residual term that was
assumed to be independent, identically distributed with mean zero and a common variance. T-
statistics were then used to test if the predicted and actual 100-d and 305-d milk yields differed
sgnificantly.

For completeness, the prediction equations used to compute accumulated milk yields at
100 d and 305 d are briefly described below. For further details on prediction models 1 to 7, see
Koonawootrittriron et al. (2001).

1) Test-interval method:

, & P+P ., ,
TMY =(P,” D)+ I( '+2 )" D]+ (P, Dy) 1]

i=2

where TMY istota milk yield, P, isthe milk yield of the first test-day record, D; isinterva
between five days after calving and the first record, P, is the milk yield on test-day i (i = 2,..., k),
D; isthe interval between test-record recordi — 1 andi (i = 2,..., K), P«1 isthe milk yield on the
last test-day before drying off, and Dy, isthe interval between the last test-day and the day a cow
was dried off (Sargent et al., 1968).

2) Prediction modd 1: Gammafunction (Wood, 1967):

y, =a’e” [2



wherey; isthe milk yield on day t in each subclass, aistheinitial yield of lactation, b represents
the increasing dope, and ¢ represents the decreasing dope. Computations were done using the
natural logarithm of equation 1, i.e.,

Iny, =Ina+bint- ct+e,
where e, istheresidual. Thus, the predicted yield on day t was, y:= exp (In y;).
3) Prediction model 2: mixed log second-degree polynomial (Ali and Schaeffer, 1987),
y. =by +b,g, +b,g7 +b,w, +b,w? +e, (3
where y, =milkyieldonday t, g, =t/305, w,=In(305/t), t = days since calving or daysin
milk, by, by, by, bs, and b, are regression coefficients, and & isthe resdual.

4) Prediction models 3, 4, 5, 6, and 7: second, third, fourth, fifth, and sixth
polynomial regression models,

Mode 3: y, =b, +b,t +b,t* +e, [4]
Modd 4 y, =b, +b,t +b,t> + b t® +e, (5]
Model5: y, =b, +b,t+b,t* +b,t* +b,t* +e, (6]
Modd 6: y, =b, +b,t +b,t*> + b,t® +b,t* +b.t° +e, (7]
Modd 7: y, =b, +b,t+b,t* + b,t® + b,t* + b.t°> +b,t° +e, (8]

where y, =milk yield on day t, t = days since calving, by, by, b, bs, bu, bs and bs are regression
coefficients,and e isthe residual.

Program PROC REG of the SAS dtatistical system (SAS, 1990) was used to compute the
regression coefficients in models 1 through 7 and to obtain the predicted daily milk yields (5 to
305 d) for al models.

Accumulated (100 d and 305 d) individual cow actual and predicted milk yields, and
predicted (test-interval method, models 1 to7) minus actual accumulated milk yield deviations
were computed using the general SAS program (SAS, 1990). Least squares means of
accumulated milk yield deviations per subclass were obtained using the LSMEANS statement of
PROC GLM (SAS, 1990). T-testswere used to assess the significance of the accumulated
deviations per model within and across subclasses.

Results and Discussion
Predicted 100-d milk yields by eight procedures relative to actual yields

Calving age subclasses. Least squares means of 100-d milk yield deviations (predicted minus
actua milk yields) of the test-interval method and seven prediction models by breed group x
lactation x calving age subclasses are presented in Table 1. Models 2, 4, 5, 6, and 7 had
nonsignificant 100-d milk yield deviations (predicted minus actua milk yield (P> 0.05) for al
subclasses. The test-interval method (TIM) had two, and model 1 had three significant
differences of LS means for 100-d milk yield deviations (at least P < 0.05). Model 3 had four
significant differences (at least P < 0.05). Among the models with nonsignificant deviations, two
tiers can be distinguished: models 4 and 5 (mean absolute deviation = 6.3 kg), and models 2, 6,
and 7 (mean absolute deviation of about 8.6 kg). Thus, models 4 and 5 appear to be good choices
for 100-d milk predictions. However, because it is smpler than model 5, model 4 (third degree
polynomial) should be the model of choice. Notice that this choice of mode for 100-d milk
yields using 11 test-day records here differed from the best model found (model 7) when using all



daily records by Koonawootrittriron et al. (2001). The number of test-days considered (and
probably the test-day values themselves) would likely affect 100-d predictions, and the model that
will have the smallest deviations from actual 100-d milk yields.

Tablel. Least squares means of 100-d milk yield deviations (predicted minus actual milk yields)
of the test-interval method and seven prediction models by breed group x lactation x
calving age subclasses

Breed group? Lactation Calving  No.of Actua Yield
number age |actations (kg) TIMZ Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

HF 1 <30mo 8 1,061.5 -524 -121.8 1194 -127 -24 -4.2 -39 -8.9
HF 1 >30mo 10 1,2109 -42.3* -46.7** -66  -624** -326 -158 -132 -135
HF 2 <44 mo 19 1,072.3 -411  -123 77 -180 -87 -125 -8.9 -6.0
HF 2 >44 mo 24 1,394.8 -504* -415 -469 -57.9** -333 -147 -138 -131
HF 3 <60 mo 6 1,214.7 -12.8 68.0 595 11.3 10.5 12.6 16.4 16.7
HF 3 >60 mo 3 1,401.4 337 56.6 107.4 32.0 66.1 70.9 77.3 66.5
HF >4 all ages 18 1,261.3 -72  -310 20.1 26.2 34.1 52.6 56.2 56.2
12HF 1/2RS 1 >30mo 4 900.7 85.1 108.7* -19.7 -162 -51 -92  -124 -120
12HF 1/2RS 2 <44 mo 3 1,228.8 -42.2 36.5 36.6 -40 -158 23.0 39.9 40.6
12HF 1/2RS 2 >44 mo 3 11251 -46 -1004 146.7 -6.9 -03 20.8 195 194
12HF 1/2RS 3 <60 mo 3 14814 -91 929 275 -17 82 233 19.9 233
3/4HF 1/4RS 1 <30mo 2 1,415.9 -474  -336 -22  -1143** -60.0 -4.3 -84 -6.8
3/4HF 1/4RS 1 >30mo 3 1,417.0 -5.8 13 11.2 -61.8 -221 18.8 19.6 18.7
All All All 106 1,234.3 -271.2x  -177 84 -221 -6.3 6.3 8.6 8.7
< HF = Holstein Friesian, RS = Red Sindhi
g Tes -interval method .
= Modd 1: y, =at’e Modd 2: Y. =b, +b,g +b,Gf +baw, + b,w? +e

Model 3y = b, + byt +b,t +e, Model4:y —p +bt+b,t?+bt +e,

Model 5: y = b, + byt + byt? +byt® + byt* + g Model 6: y —p +bt+bt?+bt2 +bt* +bts +e,

Model 7y~ + bt +h,t2+ bt®+ bt + bt® +byto+e,

Wherey:ismilk yield at day in lactation t, t = daysin lactetion, g = t/305, w = In(305/t)
* ggnificant (P < 0.05) for Ho: LSMEAN=0, ** highly significant (P < 0.01) for Ho: LSMEAN=0.

Calving season subclasses. Table 2 shows LS means of 100-d milk yield deviations of the TIM
and seven prediction models by breed group x lactation x calving season subclasses. Results for
calving season subclasses were similar to those of calving age subclasses. Models 4 through 7
had nonsignificant 100-d milk yield deviations (P > 0.05) for all breed group x lactation x calving
season subclasses. Least squares means of predicted minus actua 100-d milk yields from TIM
and model 2 were significantly different (P < 0.05) for two out of twenty calving season
subclasses. Model 3 had three significant differences (P < 0.01). The least accurate model was
model 1; it had four significant differences (at least P < 0.05). Asit happened with calving age
subclasses, the model of choice overall was model 4 (third degree polynomidl).

All procedures (the test-interval method and the seven prediction models) had LS means
of 100-d milk yield deviations that varied in value and level of significance of the two sets of
subclasses above (calving age and calving season). This variability suggests that there was no
uniformly better model across al subclassesin this data set. However, an overdl ranking across
calving age and calving season subclasses can be constructed using 1) the number of significant
subclasses found per procedure, and 2) the level of significance of the overal LS mean of the
predicted minus the actual 100-d milk yields. The resulting ranking (first to last) was: 1) model 4
(third degree polynomial), 2) model 5 (fourth degree polynomial), 3) model 6 (fifth degree



polynomial), 4) model 7 (six degree polynomid), 5) mode 2 (mixed log second degree
polynomial), 6) TIM (the test-interval method), 7) modd 3 (second degree polynomial), and 8)
mode 1 (gamma function).

Table2. Least squares means of 100-d milk yield deviations (predicted minus actual milk yields)
of the test-interval method and seven prediction procedures by breed group x lactation
x calving season subclasses

Breed group? Lactation  Calving No. of  Actud yield

number  season?  lactations  (kg) TIM¥ Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7
HF 1 Winter 9 1,237.9 -59.9* -1163** 65 -82.9** -505 -333 -275 -276
HF 1 Summer 3 1,216.3 -116  -471 1656* 397 677 691 676  68.0
HF 1 Rainy 16 968.6 448 422 57 -166 -156 -165 -198 -27.1
HF 2 Winter 13 1,354.1 -745*  -81.2** -37 -97.5** -580 -382 -367 -324
HF 2 Summer 7 1,430.2 -106  -465 -1336 -476 -339 -201 -163 -183
HF 2 Rainy 23 1,140.6 -413 6.5 01 -57 11 22 40 52
HF 3 Summer 2 1,664.6 170 354 -1045 56 562 611 733 577
HF 3 Rainy 7 1,166.2 -14 724 634 218 213 237 263 264
HF >4 Winter 9 1,306.5 -41  -890 48 663 907 986 953 958
HF >4 Summer 4 1,226.3 -285 -631 346 82 200 40 48 46
HF >4 Rainy 5 1,208.0 43 991 361 -316 -245 88 267 265
Y2HF1/2RS 1 Winter 3 8986 1179 1422+ -265 -277 -112 -85 -149 -144
Y2HF1/2RS 1 Rainy 1 906.8 -132 282 08 185 130 -114 -48 -45
U2HF1/2RS 2 Winter 2 1,242.6 -100 -1157 1203* -47 -157 96 213 229
U2HF1/2RS 2 Summer 1 1,090.1 -109  -191.3 470 202 269 485 470 468
U2HF1/2RS 2 Rainy 3 1,162.2 -365 -1839* 208 -145 -146 211 295 291
U2HF1/2RS 3 Winter 2 1,563.8 -14  990* 193 134 120 245 191 205
U2HF1/2RS 3 Summer 1 1,3165 -246 807 441 -320 07 211 215 291
34HFU4RS 1 Winter 4 1,520.6 -120 47 131 -764** -243 208 192 187
34HFU4RS 1 Summer 1 10004  -642 -819 -231 -1085 -892 -356 -349 -322

All All All 106 1,234.3 -27.2* 17.7 84 -22.1 -6.3 6.3 8.6 8.7
“'HF = Holstein Friesian, RS = Red Sindhi

2" Winter = November — February, Summer = March — June, Rainy = July — October

¥ Tegt -interval method

4 . e .

¥ Model 11y, = g Model 2t y, =b, +bg +b.g +bw, + b +e
Model 3: y = p, + byt +b,t? +6, Model 4: Y, = by +bt+b,t* +b,t° +e,
Model 5: y =1y, + bt + byt? + byt +b,t* +e Model6: y —p +bt+b,t2+bt2+b,t* +bt®+e

Model 7:'y — +bt+h,t2+bt+bt+bt®+b,to+e,
Wherey:ismilk yield at day in lactation t, t = daysin lactation, g = t/305, w = In(305/t)
* significant (P < 0.05) for Ho: LSMEAN=0, ** highly significant (P < 0.01) for Ho: LSMEAN=0.

This ranking indicated that the ability of TIM to predict individual cow 100-d milk yields
was intermediate compared to that of the seven prediction models. In addition, the overal LS
mean of the predicted minus actual 100-d milk yield for TIM was the only significant value (P <
0.05). These resultsindicate that the TIM is not as accurate as any of the other seven procedures
to predict individua cow 100-d milk yield using monthly test-day records.

The ranking of 100-d milk yield predictive ability of models 1 through 7 using monthly
test-day records (4, 5, 6, 7, 2, 3, 1) was similar to the ranking of the same models using all daily
lactation records (7, 5, 6, 2, 4, 3, 1; Koonawaootrittriron et al., 2001). Only two procedures
changed their ranking: model 4 ranked first, and model 7 ranked fourth here, and their
corresponding rankings when using all daily records were fourth and first, respectively. These
changes in ranking were solely due to the use of different numbers of daily records for the



prediction of lactation curves. Probably a different set of monthly test-day would also have
produced a different ranking.
If agngle lactation model were to be chosen for 100-d milk yield genetic evaluations, a
third degree polynomial (model 4) would probably be an appropriate model for both calving age
and calving season subclasses in this population. However, if a more accurate accountability of
100-d milk yield per cow within calving age and(or) calving season subclasses were desired,
perhaps a set of lactation models rather than a single model would be required for the genetic

evaluation system.

Predicted 305-d milk yields by eight procedures relative to actual yields

Calving age subclasses. Least squares means of individua cow 305-d milk yield deviations
using TIM and the seven prediction models within breed group x lactation x calving age

subclasses are presented in Table 3.

Table 3. Least squares means of 305-d milk yield deviations (predicted minus actual milk yields)
for the test-interval method and seven prediction models by breed group x lactation x
calving age subclasses

Breed group? Lactation Calving

No. of  Actud Yield

number age lactations (kg) TIMZ Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7
HF 1 <30mo 8 2,356.9 -249 43 -94 48.3 53.2 43.5 430 -115
HF 1 >30mo 10 2,7236 -365 6.4 -42 -354 -184 -9.8 -2.2 10.0
HF 2 <44 mo 19 28271 -537 -56.3 58 -7.8 5.6 -64  -138 331
HF 2 >44 mo 24 34426 -752* -69.0+ -214 -421 -323 -306 -280 -70.6*
HF 3 <60 mo 6 3,292.9 -34 131 317 25.6 37.6 29.5 513 -682
HF 3 >60mo 3 33986 -339 -468 -216 -438 -52  -161 62.7 54.6
HF >4 all ages 18 2,7004 -126 38.3 925 77.0 83.7 88.3 955 1215
1/2HF 1/2RS 1 >30mo 4 20142 112.0* 117 218 316 38,5 324 24.6 34.7
1U2HF1/2RS 2 <44 mo 3 2,566.6 50 70.1 94T 632 632 371 646 139.6**
1/2HF 1/2RS 2 >44 mo 3 21372 -141 6.6 29.9 15.5 17.8 322 27.6 26.3
1/2HF 1/2RS 3 <60 mo 3 2,755.7 -143 42.9 43.7 21.7 25.8 341 44.0 77.1
3/4HF 1/4RS 1 <30 mo 2 35790 -287 04 26.2 -353 -6.6 21.2 -08 -131.5*
34HF1/4RS 1 >30mo 3 34782 -106.0* 135.8** -79.1 -104.3 -939  -653  -597 -1385**
All All All 106 29152 -344* -190 15.8 31 13.9 13.2 18.2 74

"HF = Holstein Friesian, RS = Red Sindhi

2 Tegt -interval method

# Modd 1: y, =at’e®

Model 2: y =p, +b,g +b,q +bw, + bw? +e

Model 3: y =, + byt + bt +e Model 4: Y, = by +bt+bt? +b t> +e,

Model 5: y = b, + byt + byt? +byt® + byt* + g Model 6: y —p +bj +bt? +b® +bt* +byt® +e,
Model 7: y =1+ bt +b,t2+ bt?+ b,t*+ bt +byt°+e,

Wherey:ismilk yield at day in lactation t, t = daysin lactetion, g = t/305, w = In(305/t)
* significant (P < 0.05) for Ho: LSMEAN=0, ** highly significant (P < 0.01) for Ho: LSMEAN=0.

Four prediction models (models 3, 4, 5, and 6) had nonsignificant LS means of 305-d
milk yield deviations for al calving age subclasses. The TIM and the other 3 models had at |east
one significantly different subclass (at least P < 0.05). Model 2 had one, modd 1 had two, the
TIM had three, and model 7 had four significantly different subclasses.



Calving season subclasses. Table 4 shows the LS means of individua cow 305-d milk yield
deviations (predicted minus actual milk yields) for TIM and the seven prediction models within
breed group x lactation x calving season subclasses. The pattern of calving season subclasses
with statistically significant LS means of individual cow 305-d deviations was quite similar to the
one found for calving age subclasses. Models 3 through 6 showed no significant differences,
models 1 and 2 had only one significant difference (P < 0.05), the TIM had two subclasses with
significant differences (P < 0.05), and model 7 had five significantly different subclasses (at least
P <0.05).

Table4. Least squares means of 305-d milk yield deviations (predicted minus actual milk yields)
for the test-interval method and seven prediction procedures by breed group x lactation
x caving season subclasses

Breed group® Lactation Calving No.of Actual yield
number season? lactations  (kg)  TIM¥ Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

HF 1 Winter 9 26749 -127 32 -70 -3%7 -232 -133 -61  -185
HF 1 Summer 3 26788 -249 850 1519 1227 1580 1343 1520 242.3*
HF 1 Rainy 16 23302 -624 -310 -849 -2.3 -40 -55  -132  -920
HF 2 Winter 13 31610 -983 -1023 -311 -583 -420 -391 -318 -551
HF 2 Summer 7 3206.9 11.8 9.6 635 385 51.8 50.6 50.1 -722
HF 2 Rainy 23 31650 -70.8* -63.6* -193 -292 -210 -305 -378 6.7
HF 3 Summer 2 37058 -379 -561 -257 -587 -43  -187 99.2 -04
HF 3 Rainy 7 3220.2 -6.6 72 252 199 313 23.7 425 -349
HF >4 Winter 9 2630.1 05 1107 1477 1411 1482 1447 1502 168.3*
HF >4 Summer 4 20550 -227 -588 15 -128 05 7.3 13.0 43.4
HF >4 Rainy 5 26235 -281 -144 66.1 33.6 35.2 515 63.0 99.7
1/2HF 1/2RS 1 Winter 3 17522 112.0* -148 -136 -24 30 71 -44  -346
1/2HF 1/2RS 1 Rainy 1 2800.1 1117 1123 1280 1333 1448 1083 1113 2425
1/2HF 1/2RS 2 Winter 2 2618.0 -36 881 1464 1026 1070 1262 1280 189.7**
1/2HF 1/2RS 2 Summer 1 1921.6 161 89.2 1180 1013 1007 1173 1106 1101
1/2HF 1/2RS 2 Rainy 3 23180 -120 -117 -123 -235 -239 -539 -300 27
1/2HF 1/2RS 3 Winter 2 2956.5 256 430 368 319 34.3 39.8 48.7 86.0**
1/2HF 1/2RS 3 Summer 1 2354.1 -82 427 574 13 89 22.6 34.7 -606
3/4HF 1/4RS 1 Winter 4 36617 -799 -9%47 -411 -784 -5/5 -329 -354 -110.1*
3/4HF 1/4RS 1 Summer 1 29460 -558 -578 -206 -69.7 -646 -221 -390 -832

All All All 106 20152 -34.4* -190 15.8 31 13.9 13.2 18.2 74

' HF = Holstein Friesian, RS = Red Sindhi
2 Winter = November — February, Summer = March —June, Rainy = July — October
¥ Tegt -interval method

/ , :
¥ Model 1y, = g Model 2: y, =, +b,g +b,g +bw, +bw; +&
Model 3: y = b, + byt +b,t? +e, Model 4: Y, = by +bt +b,t? + bt +e,
Model 5: y =1y, + bt + byt? + byt +b,t* +e Model 6y —p +bt+b,t2+bt2+b,t* +bt®+e

MoOdel 70y = 4 byt +b,t2+ byt?+ b,t* + bt® +bto+e,

Wherey:ismilk yield at day in lactation t, t = daysin lactation, g = t/305, w = In(305/t)
* significant (P < 0.05) for Ho: LSMEAN=0, ** highly significant (P < 0.01) for Ho: LSMEAN=0.

The overall ranking of 305-d milk yield predictive abilities of these procedures, based on
the number of nonsignificant differences and their overall LS means of the 305-d milk yield
deviations in calving age and calving season subclasses, was (first to last): 1) model 3 (second
degree polynomial), 2) model 5 (fourth degree polynomial), 3) model 4 (third degree
polynomial), 4) model 6 (fifth degree polynomial), 5) model 2 (mixed log second degree



polynomial, 6) model 1 (gamma function), 7) TIM (the test-interval method), and 8) model 7
(sixth degree polynomial).

Aswith 100-d milk yields, the ability of TIM to predict 305-d milk yields ranked close to
the bottom among the eight prediction procedures. Also, the TIM procedure was the only one to
produce overall significant differences (predicted minus actua) for 100-d and 305-d (P < 0.05).
These results suggest that using TIM to predict either 100-d or 305-d milk yields from monthly
test-day records would probably produce biased predicted milk yields, which in turn, may bias
genetic predictions for these traits.

The ranking of the seven prediction models for 305-d milk yields here (3,5, 4, 6, 2, 1, 7)
was very similar to that obtained using al daily milk yields (3, 2, 5, 4, 7, 6, 1; Koonawootrittriron
et al., 2001). Again, only two models changed ranking. Models 2 was fifth and model 7 was the
bottom model here, whereas model 2 shared the top spot with model 3, and model 7 was fifth for
the al daily records case. Thus, models 2 (mixed log second degree polynomia) and model 7
(sixth degree polynomial) appeared to be more sensitive to the number of daily records used to
predict daily lactation yields. Considering both sampling strategies (all daily records and monthly
test-day records), model 3 (second degree polynomial) could be considered the most appropriate
model to predict individua cow 305-d milk yields for this data set. The simplicity and
computational ease of model 3 (quadratic equation), makes it ideal for large-scale computations
such asthose in national genetic evaluations. Thus, model 3 could be used instead of TIM for the
computation of 305-d milk yields in national genetic evaluationsin Thailand. Before afinal
decision isreached in this regard, however, this study needs to be repeated with a larger
multibreed population that is more representative of the actual national Thai cattle population.

Random regression models (Schaeffer and Dekkers, 1994; Jamrozik et al., 1997,
Jamrozik and Schaffer, 1997) are currently a popular alternative to the classical total production
for genetic evauation of dairy cattle. Should random regression models be applied to the
multibreed Thai dairy cattle population in the future, model 3 could be the equation used in both
the fixed and in the random portion of a random regression model using monthly test-day yields.
However, because there was no uniformly best model for al calving age and calving season
subclasses in this HF-RS multibreed herd, a more accurate genetic evaluation system may need to
consider severa lactation prediction equations for the various breed group x lactation number x
calving age and on breed group x lactation number x calving season subclasses. Using alarge
number of lactation prediction models, however, may unduly increase the complexity of a genetic
evaluation system, particularly in a multibreed population. Thus, as an approximation, only a
small number of lactation prediction equations could be defined (e.g., 3 or 4), which may be
appropriate to predict individual cow lactation daily yields (and accumulated milk yields) with
sufficient accuracy within calving age or calving season subclasses.

The current Thai cattle population has more than 10 different breeds Bos indicusand Bos
taurus represented both in purebred and in crossbred form. The populationis largely
unstructured and has alarge number of crossbreds composed of up to seven breeds. The only
attempt to develop alarge-scale sire evaluation began in 1996 through a collaboration between
Kasetsart University and the Dairy Promotion Organization of Thailand (DPO, 1996). The
procedure used was a unibreed best linear unbiased prediction, and the model was a single-trait
(100-d and 305-d milk and fat yield) anima model (Henderson, 1973; Quaas and Pollak, 1980).
Considering the amount of available dairy data and the complexity of the Thai multibreed
population, a potentia research work could consider accumulated yields and a multibreed model
that uses model 4 for 100-d and model 3 for 305-d accumulated milk and fat yields. This next
piece of research will help revalidate the daily milk yield models used here, and it will determine
their usefulness in alarger, more complex, multibreed population.
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Conclusons

The ability of the test-interval method and seven prediction models to predict 100-d and
305-d milk yields using monthly test-day records of cows in a multibreed Holstein Friesian-Red
Sindhi herd of SARTC varied by breed group x lactation number x calving age and breed group x
lactation number x calving season subclasses.

None of the eight prediction procedures was uniformly better across al subclasses for
either 100 d or 305 d milk yields. In addition, the eight procedures ranked differently for 100-d
and 305-d accumulated milk yields. The most appropriate model for 100-d milk yield predictions
was model 4 (third degree polynomial), whereas for 305-d, model 3 (second degree polynomial)
was the best performer. It should be stressed however, that these results apply strictly to this
multibreed population and this data set. To obtain broader conclusions applicable nationaly, a
substantialy larger multibreed data set that captures the diversity of breeds and crossbred groups
of the Thai cattle population will be needed. However, this study provides a good indication of
the types of lactation prediction models that might be applicable under Thai conditions.

Because the performance of the eight models here differed across calving age and calving
season subclasses, severa lactation prediction models might be needed for a national Thai genetic
evauation. This aspect also needsto be revisited with alarge national Thai multibreed data set,
with the purpose of finding amodel, or a set of models, that is computationally smple, and gives
reasonably accurate genetic predictions.
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