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ABSTRACT 

Test day data on milk yield for in- 
dividual cows were generated using 
Monte Carlo simulation consisting of 
loo0 herds. Each herd contained 30 sec- 
ond lactation cows for each of 2 yr. 
Three scenarios were simulated with in- 
creasing effects of test day and seasonal- 
ity. For each test day, several statistics 
were calculated for each cow: test day 
data on yield deviated from expectations, 
deviated test day data on yield trans- 
formed to account for correlation of con- 
secutive test day data on yields, 
305-d mature equivalent estimates, and 
changes in these values from the previ- 
ous test day. A probability value for each 
herd was calculated for test of month of 
lactation effects using ANOVA models 
with and without cows in the model. No 
month of lactation effects were simu- 
lated. The distribution of generated prob- 
ability values were tested for uniformity 
using a chi-square test. The distribution 
of probability values associated with the 
change in test day deviations were most 
nearly uniform, and results for these 
variables were similar when the cow ef- 
fect was removed from the analysis 
model. The transformed variables also 
provided a fairly uniform set of probabil- 
ity values, although interpretation of 
these statistical tests was more difficult. 
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Tests based on mature equivalent, 
305-d records were oversensitive. 
(Key words: lactation curves, mature 
equivalent, 305-d values) 

Abbreviation key: CDR = Cornell Dairy 
Records, ME = 305-d mature equivalent, 
MOL = month of lactation, P-P = probability- 
probability, TDD = test day deviation of yield, 
TDDA = TDD based on actual DIM, TDDM = 
TDD based on midpoint DIM of MOL, TDY = 
test day data on yield. 

INTRODUCTION 

Accurate evaluation of milk yield in a dairy 
herd is complicated. Milk yield of individual 
cows is influenced by many factors, including 
genetic ability, parity, DIM, age, physiological 
state, and management (e.g., nutritional status 
or environmental conditions). Milk yield of a 
dairy herd is a composite value for the cows in 
that herd. Consequently, herd yield is in- 
fluenced by individual cow effects in addition 
to seasonality of yield, age structure of the 
herd, and quality of overall management. 

Two main factors should be considered 
when herd yield is evaluated. First, short-term 
(e.g., change in ration) or long-term changes 
(e.g., a change in heifer raising program) can 
be evaluated. Second, the magnitude of yield 
or the shape of the lactation curve can be 
considered. 

This study examines methods for evaluation 
of long-term changes in the shape of lactation 
curves. An example of such an analysis might 
be to compare second lactation freshenings in 
a herd with a regional standard or a previous 
evaluation of the same herd to examine differ- 
ences that are due to a change in management 
(e.g., grouping first lactation cows separately, 
changing rations for a specific group of cows, 
or changing management of dry cows). 

One technique for evaluation of long-term 
changes in the shape of the curve for milk 
yield is to analyze composite lactation curves. 
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Lactation curves are usually developed using 
the average test day data on milk yield (”DY) 
grouped in monthly intervals of DIM within 
parity groups (1, 2, and 23). Lactation curves 
have been used to estimate peak yield and 
postpeak persistency. Persistency estimates 
may be biased by culling of poor cows and by 
including partial records. If cows that yield 
above or below average tend to have incom- 
plete lactations, because of random sampling 
or some systematic cause, the early monthly 
averages will be overestimated or underesti- 
mated relative to the complete lactations. Be- 
cause of this potential problem, Galligan et al. 
(7) criticized use of lactation curves to estimate 
persistency. In addition, because each point 
estimated in the composite lactation curve in- 
cludes test day observations collected over 30 
d, the precision of the estimate of peak yield is 
limited. Finally, because each month of lacta- 
tion (MOL) may represent different cows, esti- 
mates of persistency may be confounded by 
the group of cows that have complete or in- 
complete lactations. 

Standardized mature equivalent, 305-d 
(ME) yield for each cow can be used to evalu- 
ate short-term changes in productivity. Factors 
based on age, herd yield, and season of calving 
have been developed to extend lactations to 
305 d (4, 15). Underlying these projection fac- 
tors are implicit lactation curves. Additional 
correction factors based on age have been de- 
veloped to adjust the 305-d yield to a mature 
equivalent basis (8, 14). These ME records 
allow comparison of cows of different ages, 
which is especially useful for genetic evalua- 
tions and decisions on culling. Two primary 
criticisms of this approach exist. First, the 
same set of factors is used for all herds of 
similar yield, regardless of postpeak per- 
sistency. Herds with poor persistency have 
early lactation ME values biased in the posi- 
tive direction. Second, extension factors cur- 
rently in use were estimated in the 1970s when 
average yield was lower than for most herds in 
the 1990s [e.g., the high herd average group in 
adjustment factors used in the Cornel1 Dairy 
Records (CDR) is for herd averages of 27045 
kg (14)]. Because CDR ME factors were esti- 
mated by yield groupings, these factors may 
not be appropriate for herd levels not 
represented in the data used to calculate those 
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estimates. Factors not reflecting changes in 
productivity could lead to biased ME values. 
Consequently, ME values in early lactation 
may be underestimated for high yielding cows. 

Changes in milk yield have been evaluated 
using the incremental change in ME (7). This 
technique assumes that cows without manage- 
ment changes maintain a nearly constant ME 
yield during a lactation. Thus, monthly com- 
parisons of the changes in ME yield indicate 
changes in management. Although this tech- 
nique can be biased by problems with ME 
adjustments, the bias is reduced by evaluation 
of differences in sequential values. 

The effect of test day management esti- 
mated using a test day model described by 
Everett and Schmitz (6) may be the best tool to 
analyze management changes over time. In 
addition, changes in individual cow “residuals” 
should also be a valuable measure for monitor- 
ing specific cow performance. However, this 
information is only routinely available for 
herds processed at the CDR. In addition, that 
information is available only through a propri- 
etary personal computer software system. As a 
result, the information on test day management 
is available only to a small fraction of 
producers or consultants. Therefore, manage- 
ment information based on traditional yield 
information is the only option for most dairy 
producers. 

The objective of t h s  study was to evaluate 
systematically the accuracy (i,e., specificity) of 
seven different evaluation techniques based on 
lactation curves using a Monte Carlo simula- 
tion approach. Simulation was designed to 
model three herd scenarios with varying 
degrees of test day (herd) effects and seasonal 
calving patterns. In every simulation, the un- 
derlying DIM effects were identical, and no 
deviations from the DIM effects were simu- 
lated. Each variable corresponded to a tech- 
nique of lactation curve analysis and was used 
to test for a deviation from a standard lactation 
curve in a proxy variable for DIM, MOL, a 
30.5-d interval of DIM, starting at d 7. There- 
fore, testing for deviations from a standard 
lactation because of MOL also tests for devia- 
tions caused by DIM. Because no DIM devia- 
tions were generated, the primary concern with 
each variable was the probability of making a 
Type I error, i.e., concluding that a significant 
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effect is present when none exists. This proba- 
bility was equivalent to rate of false-positive 
results for each technique. 

MATERIALS AND METHODS 

Monte Carla Simulation 

Each simulation consisted of loo0 herds, 
each containing 30 second lactation cows 
freshening annually for each of 2 yr. Cows 
were normally considered dry at 60 d before 
the subsequent freshening date. Days open 
were generated as 50 + G, where G is dis- 
tributed as a gamma (or = 5.0; P = 9.0) random 
variable (3), using the algorithm described by 
Ahrens and Dieter (2) as implemented by B. 
W. Brown and J. Lovato (unpublished data, 
1992, StatLib file/generaUranlibf.uuen). The 
main (uniform) random number generator used 
in this set of subroutines is based on the 
algorithm of L'Ecuyer and Cat6 (10). Mean 
and standard deviation of days open were 95 
and 15 d, respectively; the minimum was 50 d. 
Data included only records for cows that were 
currently in the second lactation and cows that 
had completed their second lactation but had 
not freshened for the third time. These data 
correspond to those available electronically to 
a consultant using the remote management sys- 
tem at CDR. 

Three models were used to simulate the 
data. Each phase increased in complexity. 

Phase 1. 

Yij = 

where 

y" = 'J 

DIMi = 

cow, = J 

errori, = 

The first simulation model was 

DIMi + cow, + errori,, [I1 

TDY at i DIM for cow j at testing 
period k, 
fixed effect representing average 
milk yield at i DIM, 
random cow effect representing 
yield differences of cows, and 
random residual. 

Finally, the residual effects were sampled from 
a multivariate normal distribution (0 +. 6 kg), 
and corr(errori,k, error.. ,) = plk-" if k # k', 1Jk 
where p is the autocorrelation parameter. The 
value of p was .73, based on work by R. W. 
Everett et al. (1993, unpublished data). Calving 
dates were distributed uniformly throughout 
each year for the first phase of the simulation. 
If a milk weight was negative, the cow was 
considered to be dry on that date. 

Phase 2. The simulation model used in the 
second phase was 

where 

Yi,k = TDY at i DIM, for cow j, on 
testing day k, 

DIMi = fixed effect representing average 
milk yield at i DIM, 

cow, = random cow effect representing 
yield differences of cows, 

Tq, = random effect of test day (herd) 
common to all cows in the herd 
milking on test day for period k, 
and 

errorijk = a random residual. 

Effects common to Model [ l ]  were simu- 
lated in the same manner. Herd effects were 
normally distributed and mutually independent 
(0 f 1.5 kg). Calving dates were distributed 
uniformly throughout each year. As in phase 1, 
if a milk weight was negative, the cow was 
considered to be dry on that date. 

Phase 3. The simulation model used in the 
last phase was 

y i j ~  = DIMi + cow, + TDk + season1 
+ erroriju, [31 

where 

yiju = TDY at i DIM for cow j on test 
day k for testing date 1, 

DIMi = fixed effect representing average 
milk yield at i DIM, 

cow, = random cow effect representing 
yield differences of cows, 

Fixed effects for milk yield at i DIM were 
based on second lactations for cows in herds 
with rolling herd averages from 8844 to 9977 
kg (13). Cow effects were distributed normally 
(1) with mean 0 and standard deviation 2 kg. 
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l Q  = random effect of test day m) 
common to all cows in the herd 
milking on test day period k, 

season1 = fixed season of test day effect for 
a TDY recorded on date 1, and 

erroriju = random residual. 

Effects common to Models [l] and [2] were 
generated in the same way. The seasonality 
effect, seasonl, was constant for all years at +1 
kg for milk yields recorded from September to 
January and -1 kg for milk yields from Febru- 
ary to October. Finally, seasonal calving was 
added; 75% of the calvings were in September 
to November in each year. Calving dates were 
distributed uniformly within the calving peri- 
ods, i.e., from September to November or De- 
cember to October. As in phases l and 2, if a 
milk weight was negative, the cow was consid- 
ered to be dry on that date. 

Data Analysis 

Record Adjustments. Estimates of lactation 
to date were calculated for each TDY recorded 
for a cow, up to 305 DIM. Values of lactation 
to date were used to project a 305-d yield. 
Finally, age factors were used to calculate an 
estimate of ME-adjusted lactation for every 
cow on each test day. All procedures were 
based on those used by CDR (4, 14). 

Data Analyzed. Each TDY was assigned to 
MOL based on DIM on the day that the obser- 
vation was recorded. Expected milk yields 
were calculated using the solutions from Stan- 
ton et al. (13). Each observed TDY was 
deviated from the predicted values to obtain 
test day deviation of yield W D ) .  The TDY 
were deviated from average yields using ex- 
pected yields based on actual DIM W D A )  or 
DIM based on the midpoint of the appropriate 
MOL (I'DDM). 

Because data with correlated residuals result 
in an inappropriate statistical test (ll), an at- 
tempt was made to account for the correlation 
of the residuals. The adjustment method is 
described in Appendix 1. 

In addition to the observed and adjusted 
variables used, the changes in these variables 
on consecutive test days and the changes in 
observed TDY were also examined for test 
days 22, 

The large number of variables was included 
to determine the effects of 1) using measures 
of lactation curve with values based on ME, 2) 
using approximated DIM to group yields, 3) 
using autocorrelation of residuals to determine 
whether the suggested adjustment is necessary 
and effective, and 4) using changes in variables 
to account for cow effects. 

Staristical Analysis. The general linear 
models procedure of SAS (12) was used for 
statistical analysis. The first model used to 
analyze the data included cow, MOL, and their 
interaction. Sequential, SAS Type I sums of 
squares were used. The MOL was tested using 
the mean square for interaction of cow and 
MOL. The second model excluded cow and 
interaction; as a result, MOL was tested using 
the residual mean square. A probability value 
was calculated for each herd and model combi- 
nation for every simulation phase. 

Because no effects of MOL were simulated 
in any of the data, the null hypothesis was 
always true. Therefore, given the definition of 
a probability value (i.e., the probability that a 
more significant test statistic would occur by 
chance under the null hypothesis), the proba- 
bility values should be distributed as a continu- 
ous standard uniform distribution (i.e., all 
Probability values from 0 to 1 are equally 
likely under the null hypothesis). The distribu- 
tion of probability values for each response 
variable and analysis model was compared 
with a uniform distribution in several ways. 
First, a probability-probability (P-P) plot (9) 
was used as a subjective measure. The P-P 
plot, in this case, is simply the sorted probabil- 
ity values plotted against their expected values. 
The expected value for sorted value i is (i - .5)/ 
n, where n is the number of probability values. 
Second, a ch-square test for goodness of fit 
was used to assign an objective value on how 
closely the observed probability values fol- 
lowed the uniform distribution. The chi-square 
test was calculated using the formula 

where obsi is the number of probability values 
in range i of values (0 - .02, .02 - .04, . . . , .98 
- l), and expi is 1000/50 = 20. 
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RESULTS AND DISCUSSION 

TDD Variables 

Change Versus Observed Variables. The 
change in a measurement of milk yield on 
consecutive test days generally resulted in a 
statistical test with better characteristics than a 
test of the original variable, based on subjec- 
tive observation of P-P plot (e.g., Figure 1) and 
objective measurement using test statistics for 
chi-square goodness of fit (Table 1). The tests 
for uniformity of probability values based on 
change in TDDA were the only nonsignificant 
tests (a = .01) for all models and all phases 
(Table 1). The improvement observed when the 
change variables were used suggests that these 
variables have better statistical properties than 
the values for an individual test day and, if 
possible, should be used. Little improvement 
occurred when deviations were used for TDDA 
and TDDM variables adjusted for the au- 
toregression. 

The mean, median, and decile counts for 
probability values, rather than P-P plots for 
each variable and model, are included in Table 
1. These values provided most of the informa- 
tion contained in the P-P plots. 

Adjustment to Account for Autoregression 
of Residuals. For nearly all response variables, 
the probability values based on tests of the 
independent transformed variables were more 
uniform (Table 1). The probability values using 
independent test day observations and change 
in independent test day observations were very 
nearly uniform for all phases when cows were 
included in the analysis model. The only varia- 
ble that did not have more uniform probability 
values after transformation was TDDM with- 
out cows in the analysis model. 

The tests based on adjusted TDDM were 
more insensitive than the TDDM. The differ- 
ences in sensitivity can be seen in Table 1 
through not only the mean and median proba- 
bility values for analysis models including and 
excluding cow, but also through the large num- 
ber of probability values in deciles 6 to 10 for 
both analysis models. The independence ad- 
justments worked well for the data in which 
cow was included in the ANOVA model; how- 
ever, when cow was removed from the model, 
the tests were too conservative. 

Because the data analyzed in the ANOVA 
model represented a transformation of the test 

1 

8 

2 .6 

d 
3 
p' .4 

- 

2 

0 

0 2 4 6 8 1 
Probability 

Figure 1.  Example of a probability-probability plot for 
several combinations of response variables and models 
compared with the expected distribution of probability 
values (TDDA = test day deviation of yield based on 
actual DIM, ATDDA = change in TDDA, ITDDA = 
independent (adjusted for autoregression) TDDA, Model 
[I]  includes cow, month of lactation, interaction, and 
residual, and Model [2] includes only month of lactation 
and residual). 

day data, interpretation of the results for 
management decisions is difficult. In addition, 
because the transformed data did not perform 
substantially better than the change in TDD 
variables, use of transformed data may not be 
justified. 

Midpoint Versus True DIM. Differences 
were found in the responses to the approxima- 
tion of using expected yield corresponding to 
the DIM of the midpoints of the MOL rather 
than the actual DIM on which the TDY was 
measured. The TDD and change in TDD for 
statistical tests were more sensitive when mid- 
point DIM were used. The statistical tests 
based on independent TDD and change in 
independent TDD, however, were less sensi- 
tive when midpoint rather than true DIM was 
used to determine expected yield. For most 
variables, the use of midpoint (approximate) 
rather than actual DIM tended to make the 
probability values less uniform, suggesting that 
the actual DIM should be used, if possible. 

Analysis Models. In general, changing from 
the model that included cow and interaction of 
MOL and cow to the one without, resulted in a 
less sensitive statistical test, probably because 
the variation accounted for by cows was added 
to the residual effect, increasing mean squared 
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error, which often resulted in a smaller test 
statistic. The difference between the two types 
of models was smaller for the data based on 
changes in TDY, because much of the cow 

effect was removed as a record from a cow 
was subtracted from another record on the 
same cow, reducing the differences in overall 
cow productivity. 

TABLE 1. Mean, median, decile counts, chi-square statistics. and probability values for the analysis models for each 
response variable WAR) and phase of simulation. 

Observations in decile X2 

VARl Model* Mean Median 1 2 3 4 5 6-10 Statistic P 

TDDA 

TDDM 

ITDDA 

ITDDM 

ME 

ATD 

ATDDA 

ATDDM 

AITDDA 

AITDDM 

AME 

TDDA 

TDDM 

ITDDA 

ITDDM 

ME 

ATD 

ATDDA 

ATDDM 

AITDDA 

A ITDDM 

AME 

Phase 1 
1 .45 .43 182 112 102 77 85 442 285 <.01 
2 .72 3 2  41 37 31 58 50 783 1507 <.01 
1 .40 .33 261 102 106 81 67 383 576 <.01 
2 .a .75 67 50 35 69 60 719 805 <.01 
1 S O  .49 106 98 98 105 104 489 46 .62 
2 .65 .71 25 42 61 81 83 708 339 <.01 

600 1.01 1 .63 .73 106 64 44 49 68 669 
6170 <.01 2 .a3 .94 30 15 28 19 26 882 

1 .OO .OO loo0 0 0 0 0 0 49,000 <.01 
2 .05 .OO 873 46 31 16 13 21 26,198 c.01 
1 .03 .OO 929 40 13 11 4 3 30,430 <.01 

5 0 2 0 38,472 <.01 2 .01 .OO 971 22 
1 5 1  .52 99 109 90 93 96 513 31 .98 
2 .46 .45 128 116 115 105 88 448 60 .13 
I .38 .31 231 125 122 83 91 342 323 <.OI 

.33 2 6  293 140 109 94 85 279 703 <.01 2 
1 .53 .55 109 93 76 98 70 554 62 . l l  
2 .46 .44 164 96 108 94 92 446 114 <.01 
1 S O  .51 174 87 66 77 83 513 291 <.01 
2 .48 .49 192 86 I 9  77 77 489 346 <.01 
1 .23 .io 493 135 81 58 60 173 3504 <.01 
2 .13 .03 669 101 68 52 28 82 9191 <.01 

Phase 2 
1 .43 .40 225 100 
2 .70 .79 38 33 
1 .39 .34 281 109 
2 .65 .73 59 58 
1 .47 .41 113 109 
2 .63 .67 26 50 
1 .60 .67 124 58 
2 .83 .94 25 14 
1 .oo .oo lo00 0 
2 .05 .OO 856 49 
1 .05 .00 812 59 
2 .02 .OO 942 25 
1 .49 .48 105 94 
2 .47 .47 118 111 
1 .38 .34 209 146 
2 .35 .30 262 134 
1 .52 .54 108 88 
2 .47 .46 158 103 
1 S O  .54 192 74 
2 .49 .52 198 80 
1 .25 .I4 440 135 
2 .16 .05 599 128 

90 
52 
77 
51 

113 
69 
62 
11 
0 

37 
26 
13 

105 
110 
104 
1 02 
88 
87 
69 
68 

106 
79 

85 
51 

100 
68 
98 
64 
49 
24 
0 

22 
16 
9 

102 
91 

111 
100 
16 
87 
74 
57 
59 
55 

73 
50 
61 
65 
94 
99 
70 
29 
0 

16 
9 
7 

109 
1 07 
74 
89 
88 

1 07 
61 
80 
61 
34 

427 
776 
372 
699 
473 
692 
637 
897 

0 
20 
18 
4 

48 5 
463 
356 
313 
552 
458 
530 
517 
199 
105 

496 <.01 
878 <.01 
789 <.01 
476 <.01 

51 .39 
233 <.01 
395 <.01 

5710 <.01 
49,000 <.01 
24,488 <.01 
23,521 <.01 
33,263 <.01 

47 .55 
59 .I6 

306 <.01 
503 <.01 
67 .04 

120 <.01 
333 <.01 
422 <.01 

2803 <.01 
6400 c.01 

(continued) 
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TABLE 1. (continued) Mean, median, decile counts, chi-square statistics, and probability values for the analysis models 
for each response variable WAR) and phase of simulation. 

Observations in decile x2 

VAR' Model2 Mean Median 1 2 3 4 5 6-10 statistic P 

Phase 3 
1406 c.01 

2 .66 .74 58 47 58 59 73 705 609 <.01 
TDDM 1 .26 .15 435 126 91 65 61 222 3297 <.01 

2 .62 .68 68 72 43 78 92 647 369 <.Ol 
ITDDA I .41 .37 201 132 98 99 93 377 207 <.Ol 

2 .55 .56 86 87 92 90 90 555 98 c.01 
250 <.Ol ITDDM 1 .55 .60 142 72 63 62 81 580 

2 .51 .53 231 67 70 50 61 521 1187 q.01 
1 1 45,868 <.01 ME 1 .oo .oo 993 3 2 0 

2 .18 .06 574 121 67 63 49 126 6679 <.01 
7822 c.01 ATDA 1 .14 .04 632 125 84 50 33 76 

2 .05 .01 879 51 29 20 11 10 21,537 c.01 
ATDDA 1 .47 .46 128 122 114 67 119 450 68 .04 

2 .47 .45 129 117 103 98 98 455 52 .37 
ATDDM 1 .40 .35 220 121 101 102 83 373 267 1.01 

2 .37 .30 240 134 126 . 86 78 336 344 <.Ol 
AITDDA 1 .50 S I  133 107 75 92 81 512 97 c.01 

2 .43 .40 197 122 98 81 103 399 221 c.01 
AITDDM 1 S O  5 2  168 90 65 81 80 516 173 <.01 

AME 1 .36 .29 313 120 76 87 73 331 1044 c.01 
2 .20 .09 523 129 92 61 71 124 3977 c.01 

TDDA 1 .34 .25 332 115 110 69 65 309 

2 .47 .47 185 110 79 87 57 482 297 <.01 

1TDDA = Test day deviation of yield based on actual DIM, TDDM = test day deviation of yield based on 
midpoint DIM of month of lactation, ITDDA = independent (adjusted for autoregression) test day yield based on 
actual DIM, ITDDM = independent test day yield based on midpoint DIM of month of lactation, ME = mature 
equivalent 305-d yield, ATD = change in consecutive test day yield, ATDDA = change in consecutive TDDA, 
ATDDM = change in consecutive TDDM, AlTDDA = change in consecutive ITDDA, AITDDM = change in 
consecutive ITDDM, AME = change in consecutive ME. 

tion, and residual. 
*Model [I]  includes cow, month of lactation, interaction, and residual. Model 2 includes only month of lacta- 

ME Variables 

The analysis of the observed CDR ME vari- 
able yielded consistently oversensitive results. 
In all three phases, >90% of the replicates had 
probability values c.01. Several possible rea- 
sons exist for the large number of significant 
tests. First, average productivity of the cows 
changed (CDR adjustment factors were last 
calculated in the 1970s); this change could bias 
extended lactations, even if only height, and 
not shape, of the lactation curve changed, be- 
cause multiplicative extension factors are used. 
Second, extension factors used in the CDR ME 
calculations were calculated with data includ- 
ing incomplete lactations (>180 DIM) (15), 
which may have caused differences that were 
due to culling to be included in data used to 

estimate adjustment factors. No culling was 
simulated in these data, and, as a result, the 
extension factors may have overestimated 
complete lactations when culling did not occur. 
Use of the change in CDR ME resulted in a 
test that was less sensitive but had a large 
proportion of small probability values (Table 
1). Although many of the tests based on TDY 
performed more poorly as the simulation 
assumptions became more complex (realistic), 
the CDR ME and, especially, change in CDR 
ME variables performed better as the data 
simulation assumptions were more realistic, 
probably because these data were likely more 
similar to those used in calculation of these 
factors. 

One alternative to use of the chaqge in ME 
values is to adjust for the bias caused by the 
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unrealistic ME adjustment factors (J. D. Fergu- 
son, 1993. personal communication). One 
potential disadvantage of this method is that 
305-d ME records do not have homogeneous 
variance (R. W. Everett, 1993, unpublished 
data); therefore, the assumptions needed for an 
analysis of variance to be valid may not be 
met. S .  W. Eicker 1994 (personal communica- 
tion) suggested that this might at times be a 
strength, rather than a weakness, because de- 
tection of problems early in lactation was more 
critical to profitable management systems. An 
alternative suggestion, which uses the ME sys- 
tem but should correct for the heterogeneous 
variance, is to calculate an expected milk yield 
by determination of the TDY that results in the 
ME yield corrected for bias (5). Although this 
procedure is valid, comparison of expected 
milk yield based on herds with similar produc- 
tivity using estimated lactation curves directly 
is more logical than indirectly via the ME 
calculations. These methods should be equiva- 
lent if the extension and adjustment factors 
used in ME calculations were reestimated us- 
ing contemporary data. Use of lactation curves, 
however, required the assumption that the herd 
did not change over time or only recent data 
were used and that data were sufficient for 
accurate estimates of the lactation curves. 

CONCLUSIONS 

Statistical tests for MOL for data based on 
TDD were reasonably accurate, although tests 
based on differences of consecutive test days 
performed better. The adjustment for auto- 
regression worked well, although interpretation 
of these results was less clear. Use of expected 
milk yield based on approximate (midpoint of 
MOL) rather than actual DIM increased over- 
sensitivity. Removal of cows from the 
ANOVA model made tests undersensitive for 
TDD and made little difference for changes in 
TDD. Tests based on ME records were not 
accurate. More results were significant than 
expected, probably because of old adjustment 
factors and possibly because of the simplicity 
of the simulation model. Although none of the 
tests proved to be ideal, change in TDDA 
seemed to perform best in this simulation pro- 
ject, because change in TDDA was the only 
variable for which probability values were not 
significantly different (P > .Ol) from the distri- 
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bution expected. When these deviated values 
were used, cows did not need to be included in 
the ANOVA model. 

If the shape of the lactation curve is of 
primary interest, changes in TDDA could be 
used to generate lactation curves by the choice 
of an (arbitrary) anchor point (e.g., average 
peak yield for all cows in a parity), and change 
in TDDA used to deviate from that point. This 
method would eliminate the potential biases in 
lactation curves that were due to culling and 
sampling but would base the curve on a 
statistically valid variable. 

Although our results were based on an 
evaluation of lactation differences by herd, the 
validity of analogous variables logically should 
be similar in evaluation of individual cow per- 
formance. Because of difficulty in interpreta- 
tion, the variable transformed to account for 
independence would likely be of little use for 
evaluation of individual cows. Change in con- 
secutive CDR ME values would appear to be 
of uncertain value based on these data because 
a large fraction of herds had statistically sig- 
nificant differences in CDR ME yields, but no 
such differences were simulated. Apparently, 
differences of consecutive TDD (based on ac- 
tual DIM) would be a likely choice for an 
evaluation of individual cows. 

Finally, many different reasons exist for 
analysis of milk yield and those reasons for 
analyzing yield may suggest different tools. 
For example, if evaluation of short-term 
changes in lactation were of interest, changes 
in TDD or ME might be appropriate. Alterna- 
tively, if the shape of the curve for milk yield 
over time is of interest, then lactation curves 
would be appropriate. 
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APPENDIX 1 

An approximation was used to generate ad- 
justed TDD with uncorrelated residuals. The 
method is an approximation because the mean 
of the observations is not zero and must be 
estimated. The steps involved in calculating 
the independent data for a cow are 

1 
1. = {g 

- - - Mi-1 - D)) i = 2,. . . 

where T D i  is TDY i for the cow, ITDi  is 
adjusted TDY i with independent residuals, n i  
is average milk on the DIM of test day, and n 
is the number of test days observed for the 
cow. can represent average yield on the 
actual test day or on the midpoint of the MOL. 
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