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SUMMARY

In many practical situations the linear model is not complex enough to capture the underlying relationship between the
response variable and its regressors. This paper explores this association in dairy cattle data using the partially linear single-
index survival model (PLSISM). In addition, parametric accelerated failure time (AFT) survival models were also used. Calf
survival and culling data (survival from first calving to second calving) sets were used. The calf survival data contains, as
covariates, arrival weight, weaning weight, total serum protein, calving ease score, herd-year-season of calving and number of
disease incidences. The culling data set includes: age at first calving, body condition score, level of production (milk, fat and
protein yield), herd size variation, type of milk recording and herd-year-season of calving. For the calf survival data, arrival
body weight, weaning weight, total serum protein and age at first calving were included in the nonparametric component of
the PLSISM. For the culling data, body condition score and fat production were included in the nonparametric component of
the PLSISM. All factors included in the respective models of the two data sets had a statistically significant effect on the survival
time. The simpler AFT model provides an intuitively more simple interpretation of covariate effects. Indeed, estimates of the
parametric component were similar for the two models of the two data sets. However, the estimates of the nonparametric
component differed from the parametric analysis. This difference may be attributed largely to the nonlinearity of the estimated
function, suggesting that the standard linear model did not adequately capture the underlying association between the response
and regressors in this study.
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1. INTRODUCTION generalization of the linear model is to allow only some
of the predictors to be modeled linearly, with others

In studying the relationship between a response being modeled nonlinearly. For the past decades,

and a set of predictor variables, the mean response several models have been developed to study high
variable is often assumed to be a linear regression dimensional data by nonparametric or semiparametric
function of the regressors. In many practical situations, regression models. Hardle and Stoker (1989), Powell
however, the linear model is not complex enough to et al. (1989) and Newey and Stoker (1997) investigated
capture the underlying relationship between the single-index models. Further, Carroll ez al. (1997) and
response variable and its associated covariates. Indeed, Xia and Stoker (2006) extended the single-index model
some components can be highly nonlinear. A natural to the generalized partially linear single-index model.
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In the references cited, these models are used to study
the relationship between the response and the predictor
variables when data are fully observable. In practice,
however, survival data are often subject to censoring.
When it occurs, the incompleteness of the observed data
may induce a substantial bias in the sample. Several
approaches have been developed to overcome the
associated difficulties in some specific models,
including the partial likelihood method in the Cox
(1972) proportional hazards model. The Cox (1972)
regression model plays a central role in survival
analysis in which the conditional hazard of failure at
time ¢ given the covariate vector Z takes a semi-
parametric form

It = Z) = hy(1) exp (B'2),

where the baseline hazard A () is an unspecified
function of time 7, and the covariate effects are specified
in such a way that the parameter vector f3 represents
the log-linear effects on the hazard function. However,
the Cox model has its limitations in dealing with more
sophisticated covariate effects arising from real data.
Several studies have tried to extend the Cox model to
include nonparametric or semi-parametric covariate
effects on censored failure data; examples include,
Dabrowska (1987) and Nielsen and Linton (1995),
where the hazard function A(¢, z) is completely
unspecified. Fan et al. (1997) relaxed the fully
nonparametric specification to the form A(z, z) = h()
A(z) where both /4, and A are nonparametric functions.

Fan and Gijbels (1994) proposed a censored
nonparametric regression estimator based on a class of
unbiased data transformations using only univariate
regressors. Wang and Zheng (1997) and Liang and
Zhou (1998), however, extended this to multiple
regressors. Further, Singh and Lu (2002) studied
censored nonparametric additive regression models
based on some special data transformations. On
studying the estimation of an unknown multiple
regression function, Lu ef al. (2006) examined a class
of partially linear single-index proportional hazards
models for survival data. Lewbel and Linton (2002) and
Chen et al. (2005) considered identification and
estimation of a nonparametric location-scale model
under fixed censoring. However, in most biological and
agricultural fields, censoring is random; hence the
application of these models is limited. In survival
analysis, an alternative model to the proportional
hazards model or the multiplicative hazards model is
the accelerated failure time model (Lawless 2003).

The Accelerated failure time (AFT) model is a
parametric model that provides an alternative to the
commonly used proportional hazards models such as
the Cox proportional hazards model (Newby 1988). The
proportional hazards survival model has been
extensively used in dairy science for several years
(Ducrocq 2002, Sewalem et al. 2005). The accelerated
failure time model assumes the logarithm of the failure
time is a linear function of covariates included in the
model plus a random error term (Kalbfleisch and
Prentice 1980). Accelerated failure time models can,
therefore, be framed as linear models for the logarithm
of the survival time.

log 7= B, + Bx,, + Byx, +... + ﬁpxip + o€,
where f3 is the intercept, o is the scale parameter and
¢, arandom error term. Differences between the above
AFT model and most commonly used linear model are
(1) that the random error ¢, iis is non-Gaussian, (2) the

response is subject to censoring and (3) the dependent
variable, Y or log T, is the logarithm of time.

When there is no censoring, the ordinary least
squares method can be used to obtain point estimates
of parameters, where the dependent variable is log T.
However, the ubiquity of censoring in survival data
makes it difficult to use the above procedure.
Nevertheless, the maximum likelihood procedure with
different distributional assumptions on the random error
is still applicable for estimation purposes (Lawless
2003).

With regard to interpretation of results, the main
difference between the proportional hazards model and
accelerated failure time model is that, in the former, it
is assumed that the effect of a covariate is to multiply
the hazard by some (possibly covariate-dependent)
constant, whereas, in the latter case, it is assumed that
the effect of a covariate is to multiply the predicted
event time by some constant (Kalbfleisch and Prentice
1980, Lawless 2003, Collett 2004).

Lu and Cheng (2007) investigated a class of
partially linear single-index models under random
censoring as a class of accelerated failure-time models
without the specification of the distribution function of
the response variable. Sewalem (2012) expanded the
above-mentioned model to handle several covariates
and added a bootstrap procedure to calculate the
standard error of parameters. To date, in the case of
survival analysis in dairy cattle, the covariates are often
fitted in the model as linear multiplicative effects,
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although several covariates are believed to have
nonlinear effects on the survival of a cow. Therefore,
the objectives of this study were: a) to use the
accelerated failure time model to analyze survival data
instead of the proportional hazards model; and b) to
explore the association of the response variable and
various regressors in dairy cattle breeding data using
the partially linear single-index model extension of the
accelerated failure time model.

2. MATERIALS AND METHODS

2.1 Description of the Data Sets

In this study, two sets of data, namely calf survival
data and culling data were used which are described in
detail below. Calf survival data was obtained from a
commercial rearing facility located in New York, USA
(Henderson et al. 2011). The centre raises heifers to
varying target ages based on the contractual
arrangement between the facility and the farm of origin
or producers (Henderson et al. 2011). Most of the
calves typically arrive at the facility in the first 2-3 days
of life. Upon arrival, calves are weighed, measured, and
identified with a unique identification number.
Moreover, calves are sampled for serum total protein
levels to provide a basis for calf survival contractual
warranties. Calves were reared in individual pens in
barns of 48 calves, and were weaned at approximately
7 weeks of age. For each heifer, the following
information was recorded: source farm of origin,
calving ease, birth date, arrival date, arrival weight and
height, serum total protein, disease treatments during
the preweaning period, weaning date, weaning weight
and height, death and culling occurrences.

Some of the fixed continuous variables were
grouped into intervals and fitted as a factor effect in
the model. This appears to be a common practice in
dairy science, although an interesting question is to
what extent information is lost. These include arrival
weight class (defined as 1 = 49-84 lbs; 2 = 85-92 Ibs;
3 =93 Ibs and above), weaning weight class (defined
as 1 = 77-136 Ibs; 2 = 137-153 1bs; 3 = 154 Ibs and
above), total protein class (defined as 1 = 30-56 g/L;
2 =57-64 g/L; 3 = 65 g/LL and above), season of birth
class (seasons were July to September, October to
December, January to March and April to June), calving
ease score (defined as 1 = unobserved/unassisted, 2 =
easy pull, 3 = hard pull, excessive force or surgery

needed), disease incidence class (defined as 0 = no
disease experienced, 1 = disease occurrence, 2 = 2
disease occurrences, 3+ = 3 or greater disease
occurrences) farm of origin or herd and sire.

The culling data was obtained from lactation and
type classification records extracted for the Canadian
May 2011 genetic evaluation of the Holstein breed
(CDN 2011). Length of productive lifetime was defined
as time from first calving to second calving, death, or
culling. Censored records represented cows being sold
for dairy purposes, exported or leased to another herd
or cows still in the herd. A lifetime record was
considered to be complete (uncensored) if the cow
received a termination code, indicating that the cow was
removed for any reason from the herd. Records
associated with missing identification, incorrect calving
dates and age at first calving (AFC) outside 18-40
months range were excluded from the analysis. Type
information consisted of phenotypic type scores such
as body condition score, a descriptive trait evaluated
on an ordinal scale from 1 to 9. Body Condition Scoring
(BCS), recorded during the first lactation period, is a
subjective system of evaluating a cow’s level of body
condition (amount of stored fat) and assessing a
numeric score to facilitate comparisons between dairy
cows. This evaluation is accomplished by assigning a
score to the amount of fat observed on several skeletal
parts of the cow. Cows receiving a score of 1 were
considered as thin and progressively those cows
receiving a score of 9 were considered as fat.

For this data set the covariates included in the
model were as follows: effect of herd-year and season
of calving (year of calving was from 2005 to 2010;
seasons of calving were January-March, April-June,
July-September and October-December); effect of the
annual change in herd size with three classes
(decreasing, for a decrease in herd size less than 5%;
nearly unchanged, if the change is within a 5% decrease
to a 10% increase; and increasing for an increase in
herd size of more than 10%); effect of the type of milk
recording supervision with two classes (O=unsupervised
and I=supervised); effect of age at first calving in
months; effects of milk, fat and protein yields. The latter
effects were calculated as within herd-year deviations
with three classes for each, low for cows producing less
than 0.3 standard deviations below the herd-year
average, average for cows producing between 0.3
standard deviations below and 0.5 standard deviations
above the herd-year average and high for cows
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producing above 0.5 standard deviations of the herd-
year average and body condition score.

The primary goal of the study was to assess which
of the covariates were useful in predicting mortality of
calves from birth to exit and survival of cows from first
calving to second calving. The data were analyzed using
the following models

2.2 Parametric Model

The AFT model we consider is given by:

Y= Byt By + Byxp oo + By + 08,
where Y. is the log survival time, f3; is the intercept, &
is the scale parameter and &, a random error term has a
standard extreme value distribution and a set of &
covariates (x,, X,, ..., X,), whose impact is measured by
the size of the respective coefficients (B,, B,. .... B)).
For the culling data the covariates included were, age
at first calving, body condition score, herd size
variation, type of milk recording (supervised versus
unsupervised herds), level of production (milk, fat and
protein) and sire. After editing, the numbers of records
were 8804 from 452 herds sired by 1285 bulls. For the
calf survival data, the covariates included were arrival
weight, total serum protein, average daily gain, calving
ease score, herd-year-season, number of disease
incidences and sire. After editing, the data set consisted

Table 1. Descriptive statistics for the culling data and calf
survival data

Culling data Calf survival data

Censored Failure | Censored Failure

Number of records 5,616 3,188 6,694 678

Average time (days) 318 208 802 365
Minimum time (days) 6 1 800 46
Maximum time (days) 600 425 807 768

of 7,372 Holstein calf records from 36 herds sired by
264 bulls.

2.3 Semiparametric Model

In addition to the above-mentioned model, the
following partially linear single-index survival model
(PLSISM) was used to analyze the data (Lu and Cheng
2007),

Y=FV+A(X)+0o(V,X)e with||og [|=1,

where Y is the log survival time, V' and X are the
associated covariate vectors of dimensions ¢ and p
respectively. For ease of understanding the covariates
are denoted using two different symbols: V" and X,
which comprise the parametric and nonparametric
component, respectively. The parametric component is
characterized by an unknown g-dimensional vector with
parameter 3. The nonparametric component is
characterized by )LO, an unknown smooth univariate
function defined on the real line, and an unknown
projection p-dimensional vector parameter ¢,. o(:,") is
the conditional variance representing possible
heteroscedacity; ||*|| denotes the Euclidean norm. The
constraint ||| = 1 on the single-index coefficient
parameters is required for parameter identifiability. We
assume that (V, X) and ¢ are independent, and that E(¢)
=( and Var(¢) = 1. Let C be the random censoring time
associated with the log survival time Y. We assume C
is independent of (7, X, ¥). Denote Z = min(Y, C) and
0 =1 (Y £ C). The observations are v, X, Z, 51.):
i=1, ..., n} which are regarded as a random sample
from the population (V, X, Z, ).

Application of the partially linear single-index
approach using the above mentioned model raises
practical issues of which covariates go into the
nonparametric vector V" and which ones go into the
parametric vector X. In this study, we utilized the
subject matter knowledge related to the individual calf
and the underlying physiological mechanism that
influences the ability of a calf to reach the next stage.
In addition, preliminary analysis was carried out to
investigate if the covariates were associated linearly or
nonlinearly with the response variable. For the culling
data set, the nonparametric component includes BCS,
AFC and level of fat production. For the calf survival
data, arrival weight, weaning weight and total serum
protein are included. The other covariates are included
in the parametric component.

2.3 Estimation Procedure

Since the distribution of the error term in the
model is not specified, deriving the full likelihood
function for the above model is not possible. Therefore,
a quasi—likelihood estimation procedure was
implemented using an iterative minimization algorithm
(Lu and Cheng 2007). The term quasi-likelihood here
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is similar to that of Wedderburn (1974) in that only first
and second assumptions are made about the distribution
of the response Y.

Let 6 = (&, P) be the vector of model parameters
and if the data is fully observed, i.e., Z = Y the quasi
likelihood estimator of 6, = (&, ) and A are the
minimizers of the following quasi-likelihood function
of {(V,X,Z,08)i=1,..,n},

2,0, 2)= S [Y, ~( BV, + Aa” X))} with |af=]

This model is similar to the generalized linear
single-index models as presented by Carroll et al.
(1997) for complete data. This procedure encounters
difficulties in estimation due to censoring and the
involvement of the nonparametric function 4. To
overcome these difficulties, first synthetic data or
pseudo responses were produced using:

Zs=1+9)Ls — @K, (following the procedure of Lu
and Cheng 2007).

Here Le=[" A s <opas,
= (1 G(s—
Z6; . . .
(6 =~ = _——> ¢ is a tuning parameter which
(1-G(Z-)

control the weights put on censored and uncensored
observations and /(.) is the indicator function.
(l—é(.—)) is the left continuous version of Kaplan-
Meier estimator defined by

1-Gn=1T._ 1{

U <Zy) - Z, are the order statistics of Z-sample and
0, is the associated & with Z iy =1, 2, .., n The
observed data(V, X, Z, ) is replaced by Vi, Xi,Z,z).
The pseudo responses are such that, when G is known,
the expected value of Z,, equals the expected value of
Y, ie. E(Z,;) = E(Y). Thus the censored observations
are unbiasedly transformed to pseudo responses, which
approximate or impute the unobserved values. When G
is unknown, we may substitute the Kaplan-Meier
estimator G for G. The transformation is still
asymptotically unbiased in this case. This class of
transformations was introduced by Fan and Gijbels

2

. 1Z;)<t,6y=01]
n—i +1}

Z

(1994), and Koul et al. (1981). Using the transformed
data, both the parametric component (f3,) and the
nonparametric component (4,) were estimated by

iteratively applying a local linear fit to the quasi log
likelihood.

When the true parameter vector 6, is unknown, in
order to obtain estimators for the model, we need to
iteratively update the estimates of the nonparametric
component A,(-) and the parametric components 6, =
(0. By)- The iterative algorithm consists of the
following steps:

Step 1. Treat the pseudo-responses Z,; as complete
data and apply the estimation procedure for the
partially linear single-index models, to obtain
initial estimates & and B of «, and f3,
respectively, with  the restriction
d=1land 0=(a, p).

Step 2. Find A(u:b,0)=4, as a function of u by
maximizing the local quasi log-likelihood with
respect to a, and a, with fixed 0=0 and a
suitable bandwidth b as described by Lu and
Cheng (2007).

Step 3. Update 60 by minimizing the following
equation with respect to 0 = (¢, )

317~ BTV + AT X, :5,6))]
i=1

Step 4. Cycle Steps 2 and 3 until convergence of 6.

The bootstrap approach was used to calculate the
standard error of estimates. Five hundred independent
bootstrap samples with replacement were used. For
each independent sample drawn, the above model was
fitted and the corresponding parameters were estimated
along with the nonparametric component as described
in the above estimation procedure.

3. RESULTS AND DISCUSSION

Some descriptive statistics such as the total
number of records, the number of censored and event
observations, the average, minimum and maximum time
in days for the censored and failure observations for the
two data sets are presented in Table 1. The percent
censored and uncensored records for the culling data
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set were 63.8 and 36.2%, respectively. The
corresponding figures for the calf survival data were
90.8 and 9.2%. The censoring proportion for the calf
survival data was higher than the culling data set.

Analysis of the culling data shows that all effects
included in the model have a statistically significant
effect (P < 0.01). The preliminary analysis also shows
that there is no significant interaction among the main
effects. The quadratic effect of level of fat production
was significant (P < 0.01) and, therefore, it was
included in the final model.

A detailed analysis of the effect of each predictor
variable on the survival of calves was carried out. In
order to do this, some of the continuous covariates were
grouped and fitted as a class effect as described in the
previous section. The results were expressed as an
accelerated factor, defined as the ratio between
estimated survival time under the influence of certain
predictors of survival and the average survival time in
a reference group, which is set to one as a bench mark.
An accelerated factor greater than one indicates a
beneficial effect of a predictor variable on survival of
cows. A value less than one indicates a detrimental
effect for a given predictor on survival. Hence, for the
culling data, the annual change in herd size was
associated with relatively longer survival time in
expanding herds compared to stable herds. The survival
time for expanding herds increased by a factor of 1.29
and 1.59 compared to those herds which are stable or
shrinking, respectively. For instance, if the median
survival time of the stable herds were 400 days, then
the estimated median survival time of expanding and
shrinking herds would be 516 and 324 days,
respectively.

The survival time associated with the type of milk
recording supervision shows that cows in unsupervised
herds had survival times lower by a factor of 0.84
compared to supervised herds. The effect of within
herd-year production deviations (milk, fat and protein)
had a significant influence on the survival time of cows.
The estimated accelerated factor for cows producing 0.3
standard deviations below the herd-year mean had
lower survival time, by a factor of .75, than the average
producers for milk, while high producing cows had
longer survival times by a factor of 1.19 compared to
the average producers. The influence of within herd-
year protein yield deviations follows the same trend as
that of milk yield (0.63 and 1.34 for low and high

producing cows compared to the average producing
cows). The accelerated factors for cows producing 0.3
standard deviations below the herd-year-mean had
lower survival time than average producers for protein.
With regard to fat production, cows producing 0.3
standard deviations below the herd mean were more
likely to be culled compared to the average producing
cows. However, unlike protein and milk production,
cows producing above the herd year average for fat
yield had lower survival times compared to the average
producing cows.

The effect of age at first calving also had a
significant influence on the survival of cows to second
calving (Fig. 1). The accelerating factor was lower for
older heifers and young heifers than heifers calving at
an age between 24 and 28 months. Late calvings are
usually associated with herd management, fertility or
other health problems and these factors are likely to
decrease the survival time of cows. Moreover, cows
with delayed calvings are less profitable due to higher
rearing costs. Fig. 1 also shows a trend towards a higher
risk of culling for cows with first calving at less than
21 months of age, as younger cows may be at a greater
risk of having calving difficulties or dystocia.

110

0.70 -

Accelerating factor

0.60 |

o
v
S

<21 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38+
Age at first calving (months)

Fig. 1. Estimates of the accelerating factors for age at first
calving (AFC at 24 was set =1)

Fig. 2 shows a clear nonlinear relationship
between body condition score and survival of cows to
the second calving. Survival times of cows with a score
of 1 (classified as lean) were smaller by a factor of 0.58
compared to the reference class (score of 5). Similarly,
cows with a score of 9 (classified as fat) were less likely
to stay longer in the herd compared to the reference
group. Overall, Fig. 2 does show that body condition
score is an intermediate optimum trait indicating neither
fat nor lean cows are desired for breeding purposes.

From the above analyses, one can infer that the
relationship between age at first calving (Fig. 1) and
body condition score (Fig. 2) with the survival of cows
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Fig. 2. Estimates of the accelerating factor for body condition
score (BCS of 5 was set to 1)

to the second calving is somewhat nonlinear and the
application of parametric linear survival regression
models may not be the right approach for this data set.
Furthermore, the relationship between fat production
and survival of cows is indicative of nonlinearity, where
low and high producing cows tended to have higher risk
of being culled compared to the average producing
cows. Further, as an alternative way of examining the
extent of nonlinearity we used a factor variable along
the lines of (Collett 2004) to model the effect of fat
production level on the survival function. In this case
a factor with ten levels of fat production was defined,
where level 1 corresponds to the lowest decile of fat
production and level 10 corresponds to the top decile
of fat production. Thus, the choice of levels corresponds
to appropriate deciles of the distribution of fat
production. This factor was fitted in the model by
defining 9 indicator variables as fat2, fat3, up to fat10.
When the model containing the covariate fat and the
rest of the variables was fit the deviance -2logl. was
42,504. On the other hand, when the model containing
the factor variable for fat is used, the value of -2log L.
was 42,352. The change in the value of -2log L due to
any nonlinearity is 152 on 8 df which is highly
significant (P< 0.001). Therefore, we conclude that the
effect of fat production on survival of cows has a
nonlinear effect in this data set and should not be
modeled using a linear function.

A closer look at the effect of each predictor
variable on calf survival indicated significant
differences within each categorical variable on calf
survival. For instance, for the calving ease covariate,
the accelerated factors for calves born with easy pull
and hard pull or surgery, were 0.91 and 0.83,
respectively, compared to unassisted calving (Fig. 3).
The influence of calving ease score on survival of
calves might imply that as calving difficulty increases,

=
= [}

4
%

Accelerating factor
o =]
= [=2]

o
o

1=Unassisted 2=Easy pull 3=Hard pull/Surgeury

Calving ease score

Fig. 3. Estimated accelerating factor of calving ease score

calves experience distress and physical trauma during
parturition which in due course influences the survival
of calves. Difficult births have a remarkable effect on
calf survival and health. When cows have to be assisted
or have surgery during birth, there are often lasting
effects on the calf. Calves may suffer from anoxia, lack
of oxygen and may have damage to joints, bones or
organs. Consequently, the calf feels weak and is slow
to stand or nurse the cow. As a result many calves suffer
from failure of passive transfer and are more susceptible
to disease.

Total protein group also affected the survival time
of calves. As total protein group score increased, the
survival time of calves increased. The accelerating
factor for total protein groups 1, 2, 3 and 4, were 1.00,
1.24, 1.3 and 1.62, respectively.

Weaning weight of calves influenced survival of
calves significantly (P < 0.001). Fig. 4 exhibits the
survival rate for weaning weight classes. The estimated
accelerating factor of heifers weighing between 75-111
Ibs at weaning was 0.68 times lower than a heifer
weaned at an average weight of 131-150 Ibs. On the
other hand, heifers weaned in the heaviest weaning
weight class (>175 Ibs) were approximately 120% more

i3

1

a
1=75-111 16 2=182-1900k F=438-8500% 4=151-1751k S= ==i75
‘Weanisg wekjht clemad

B coswrating facioe
E B B
P I

L]

Fig. 4. Estimated accelerating factor of weaning weight class
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likely to survive than heifers weaned in the average
weaning weight class. Heifers with heavier weaning
weights were more likely to urvive to maturity than
heifers with average or below average weaning weights.
Increased weaning weights could be associated with a
combination of less disease experienced throughout the
preweaning period, as well as having genes for
increased growth and general disease resistance.

Arrival weight also influenced the survival of
calves during the study period. Calves in the low arrival
weight group were less likely to survive compared to
the average arrival weight group (Fig. 5). Similarly, the
higher arrival weight group was also found to have
lower survival times compared to the average group.
The shorter survival time associated with higher birth
weight might be associated with calving difficulty
resulting in more health issues in early life, thus
increasing the risk of mortality. With regard to the
arrival weight (birth weight), as presented in Fig. 5
there appears to be an optimal weight class (84-92 1bs)
in relation to the survival of calves.

1=459-74 b 2=75-83 3=84-92 |b 4=93-101 |b 5=>»=102 |b

12

o
=)

Acceleratmg factor
o
@

Arrival weight class

Fig. 5. Estimated accelerating factors of arrival weight class

Average daily gain also influenced the survival of
calves till exit. For instance calves that had low average
daily gain were at 44% risk of dying compared to those
calves with high average daily gain.

The relationship between the number of disease
incidences and survival of a calf shows that calves that
had two or three disease incidences had a considerably
increased relative risk of short survival time compared
to calves that had no disease at all. For instance, the
accelerated factor for calves experiencing 2 or 3 or
more disease occurrences requiring treatment prior to
weaning were 0.74 and 0.48 relative to calves that
experienced no preweaning disease (Fig. 6).

Accelerating factor
[=] o o [=] [ [
[} S (=] o [=] (=]

=}
=]

¢} 3+

Number of disease incidence

Fig. 6. Estimated accelerating factor for number of disease
incidences.

3.1 Semiparametric Model

As discussed in the previous section, the partially
linear single-index model has parametric and
nonparametric components. Therefore, the application
and implementation of the partially linear single-index
survival model raises practical concerns of which
covariates go into the nonparametric vector and which
ones go into the parametric vector. In this study, first
subject matter knowledge related to each covariate and
the underlying physiological mechanism that influences
the ability of a calf to reach the next stage and the
capacity of a cow to reach the second calving was
utilized. Additionally, subject matter knowledge was
augmented with analyses of the data to investigate if
the covariates were associated linearly or nonlinearly
with the response variable.

For instance, for the culling data set, as shown in
Fig. 1, one can infer that the relationship between age
at first calving and body condition score (Fig. 2) and
the survival of 2 cows is nonlinear showing that these
variables have an intermediate optimum relationship
with the response variable. Furthermore, the
relationship between fat production and survival of
cows is indicative of nonlinearity, where low and high
producing cows tended to have higher risk of being
culled. On the other hand, the average fat producing
cows tended to live longer than the other groups.
Additionally, plots of covariates (fat, age at first calving
and body condition score) for the culling data, against
martingale residuals (not shown) revealed that both
covariates showed nonlinearity. For the calf survival
data, a similar pattern was observed for arrival weight
(birth weight), total serum protein and average daily
gain.
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Therefore, for the culling data set the
nonparametric component included age at first calving,
body condition score and fat production and for the calf
survival data, arrival weight, total protein and average
daily gain. The rest of the predictors were included in
the parametric component of the PSLISM.

Estimates of parameters obtained from the partially
linear single index survival model and AFT-Weibull
model for the two data sets are presented in Tables 2
and 3. Table 3 shows that the estimates of the
parameters in the parametric component (f3) are similar
under the ordinary AFT Weibull linear model and the
partially linear single-index survival model. However,
the estimates of the nonparametric component (single-
index) parameter, ¢, are quite different. This difference
could be attributed largely to the nonlinearity of the
estimated function. This nonlinearity relationship was
also observed between survival time and those variables
assigned to the nonparametric components of the two
data sets.

Table 2. Estimates and standard errors of the parameters
obtained from the accelerated failure time (AFT) -Weibull
model and the partially linear single index model for the
culling data set

AFT - Weibull PLSISM
Estimate SE Estimate SE
AFC  a  0.028018 0.01420 0912131 0.23516
BCS «, 0.104516 0.00720 0.249126  0.10294
FAT o,  0.001553  0.00052 0.323143  0.14285
HYS B, 0.000130 0.00005 0.000310  0.00011
HSV B, 0369476 0.01560 0.296720  0.13701
SUP By -0.174364  0.02250  -0.231450 0.01352
MILK 8, -0.000186 0.00005 -0.002780 0.00143
PROT B 0.009755 0.00056 0.006256  0.00217
Sire By 0.000128  0.00240 0.000203  0.00001

HYS = herd-year-season; HSV = herd size variation; SUP = type of milk
recording; MILK = milk production; PROT = protein production; FAT =
fat production; AFC = age at first calving; BCS = body condition score,
PLSISM = partially linear single index survival model

For the culling data, Fig. 7 shows that at the
beginning as the index increases, the estimated survival
time of cows remain somewhat constant and then
increases to a maximum. Once it reaches the maximum,
as the index increases, the estimated survival time of

Table 3. Estimates and standard errors of the parameters
obtained from the accelerated failure time (AFT) - Weibull
model and the partially linear single index survival model

for the calf survival data.

AFT Weibull PLSISM

Estimate SE Estimate SE

AWTG ¢  0.014354 0.0035130 -0.342130 0.21010
TPG o, 0.012076 0.0035500  0.555160 0.17830
ADG oy 0.516200 0.0572000  0.761140 0.22540
Hys B, 0.000232 0.0000362  0.000310 0.00010

CE B, -0.072200 0.0107000 -0.106230 0.04350

WWG B, 0.013667 0.0020310  0.015601 0.00139
NDI B, 0.169772 0.0400950  0.270890 0.15340
sire Bs  0.045231 0.0023840  0.038520 0.00212

HYS = herd-year-season; AWTG = arrival weight; WWG = weaning weight;
ADG = average daily gain; TPG = total protein; NDI = number of disease
incidences; CE = Calving ease score and PLSISM = partially linear single
index survival model

cows decreases. In the previous section it was shown
that as individual components of the index increased
(age at first calving, body condition score and fat
production), the estimated survival time of cows
decreased. The possible biological and physiological
explanation as to why age at first calving influences the
survival of cows is that late calvings are presumably
due to some problems associated with fertility or other
health problems and these factors are likely to increase

Adjusted Observed response
350 400 450 500
| I I I

300
|

250
|

| | | | | | |
-3 -2 -1 0 1 2 3

Single-index U=X"T alpha

Fig. 7. Observed response against the estimated single index
value for the culling data
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the risk of culling. Moreover, the economic
consequence of delayed calving results in increased
rearing costs, hence, less profitability for the producers.
On the other hand, cows that calve at a younger age
may encounter calving difficulty that in turn influences
the subsequent health as well as productive capacity.
With regard to body condition score, cows that are too
thin (lower body condition scores) are more prone to
metabolic problems and diseases, decreased production
and poor fertility compared to cows that have adequate
body weight and have higher body condition scores.
However, fat cows have problems at calving, since they
are more prone to metabolic problems, such as dystocia
or calving trouble, retained placenta, milk fever and
ketosis. Age at first calving and body condition score
are somehow related and this relationship might affect
the survival of cows. Therefore, this relationship may
not be explained by the use of a linear parametric
survival model.

A similar relationship but a different trend was
observed for the calf survival data (Fig. 8). As the index
increases, the survival of calves increases in nonlinear
fashion. At the beginning the effect is dramatic but once
it reaches a threshold value it levels off. Looking at the
individual components of the single-index, such as the
body weight, reveals that calves with higher body
weight tended to have higher risk of dying compared
to the calves with lower body weight. Moreover, it was
observed from the results that calves with high serum
protein level have higher survival rate than those calves
with a lower level. This is because the serum protein
is important for immune response and ability to resist
disease incidence. The serum protein concentration in
the blood is a reflection of how well the colostrum
feeding and subsequent absorption into the blood

(=]
o
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=
=T
[==]
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Fig. 8. Observed response against the estimated single index
value for the calf survival data.

stream was successful. Serum protein is also important
to the calf for growth and development. These
components of the index have somewhat intricate
interdependence on each other that influences the calf
survival in a complex way, which may not be explained
by application of the usual standard survival linear
regression model.

5. CONCLUSIONS

The present study examined dairy cattle survival
data using parametric and semiparametric survival
models. The fully parametric model provides nice
intuitive interpretations of the results that may have a
practical application by providing an estimate of the
effect of covariates on survival time. However, in the
presence of nonlinearity, these estimated effects might
be quite misleading. The semiparametric model reveals
nonlinear relationships between survival time and some
of the covariates. It is essential to check for, and, if
necessary model, such nonlinearities when analyzing
biological data. The results have provided some
insights, which may be potentially useful in genetic
analysis of dairy cattle data, which involves more
complex relationship between survival time and
covariates. However, further studies should be carried
out using larger data sets to validate the current results.
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