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Summary

1. There is increasing evidence that density-independent weather effects influence
life-history traits and hence the dynamics of populations of animals. Here, we present
a novel statistical approach to estimate when such influences are strongest. The method
is demonstrated by analyses investigating the timing of the influence of weather on the
birth weight of sheep and deer.

2. Thestatistical technique allowed for the pattern of temporal correlation in the weather
data enabling the effects of weather in many fine-scale time intervals to be investigated
simultaneously. Thus, while previous studies have typically considered weather
averaged across a single broad time interval during pregnancy, our approach enabled
examination simultaneously of the relationships with weekly and fortnightly averages
throughout the whole of pregnancy.

3. We detected a positive effect of temperature on the birth weight of deer, which is
strongest in late pregnancy (mid-March to mid-April), and a negative effect of rainfall
on the birthweight of sheep, which is strongest during mid-pregnancy (late January
to early February). The possible mechanisms underlying these weather—birth weight
relationships are discussed.

4. Thisstudy enhances our insight into the pattern of the timing of influence of weather
on early development. The method is of much more general application and could
provide valuable insights in other areas of ecology in which sequences of intercorrelated
explanatory variables have been collected in space or in time.
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Introduction

There is increasing evidence that life-history traits of
mammals are influenced by environmental factors
experienced early in life both pre- and post-natally (e.g.
see Lindstrom 1999; Beckerman et al. 2002; Lummaa
& Clutton-Brock 2002).

Pre-natally, this process has been called foetal
programming (Lucus 1991); it can influence birth weight,
which in turn can affect adult reproductive success
(Albon, Clutton-Brock & Guinness 1987; Kruuk et al.
1999). Environmental factors that influence pre-natal
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development are therefore of importance when con-
sidering both evolutionary processes and population
dynamics, because they are likely to influence both an
individual’s lifetime fitness and the age-specific vital
rates of individuals from a given birth cohort (Albon,
Clutton-Brock & Langvatn 1992). Lumma (2003)
states that foetal programming occurs when a stimulus
during a critical period of early development subse-
quently affects body structure, physiology or metabolism.
This highlights the importance of the timing of a
stimulus. It is this crucial temporal element that this
paper aims to identify.

The situation we address is when a density-independent
environmental factor, such as a weather variable, has
been measured in a sequence of time intervals; for
example, a week or month in pregnancy. We wish to fit
a linear model in which the response variable is the
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Fig. 1. Hypothetical relationships between weather and a
life-history trait throughout the pregnancy period. The
relationship with weather may be strongest during early (—-),
mid (—) or late (- ) pregnancy.

life-history trait and weather records at each time interval
are the explanatory variables. As different stages of
pregnancy are associated with different patterns of
foetal development (Rhind, Rae & Brooks 2003), it is
more likely that the effects of weather on the life-history
trait are comparable during similar stages of pregnancy
than at other times during pregnancy. Therefore, we
can reasonably assume the relationship with weather
changes smoothly across the pregnancy period. For
example, the relationship between a life-history trait
and weather may be strongest during mid-pregnancy
and decline towards the beginning or end of pregnancy
(Fig. 1). Standard techniques, such as an ordinary
linear regression, could be used to investigate the
timing of critical periods and we would expect the
estimated regression coefficients to show a similar
smooth pattern.

The estimated regression coefficients are inter-
pretable when the explanatory variables are uncorrelated
or nearly so. However, given the temporal structure of
the data (seasonality) we expect weather conditions
to be similar in neighbouring time intervals and the
strength of this correlation to decline with increasing
separation between intervals. Multicollinearity is
encountered when there are a large number of corre-
lated explanatory variables in a regression analysis. If
this problem is ignored, uncertainty in the regression
coefficient estimates will be inflated relative to if each
covariate had been fitted alone and detection of time
periods when weather is important is less likely. Multiple
regression is therefore inappropriate and alternative
procedures should be sought. One solution is to reduce
the number of explanatory variables in the model
perhaps by summarizing weather across a few broad
temporal intervals. For example, some studies have
found correlations between local weather conditions
and life-history traits (see Albon et al. 1987; Gaillard,
Delorme & Jullien 1993; Festa-Bianchet, Jorgenson &

Reale 2000). Typically, these authors considered just
one period of pregnancy, using intervals of 1 or 2
months, often within the last trimester when the foetus
is growing most rapidly. However, recent analysis of the
long-term study of red deer on the Isle of Rum, using
a longer run of years, found birth weight was better
correlated with temperature in a 3-month interval from
February to April (Coulson ef al. 2003) than an April
to May interval used previously (Albon, Guinness &
Clutton-Brock 1983; Albon et al. 1987; Kruuk et al.
1999). In practice, there has been little effort to develop
methods to evaluate the influence of weather using
finer-scale temporal intervals. Yet such methods would
highlight the periods when the relationship between
foetal development and weather is strongest and hence
suggest the possible mechanisms underlying observed
cohort effects. However, this requires examination of
many intervals and hence having a large number of
explanatory variables in the regression model.

Regression methods have been developed that will
both (1) lessen the effects of multicollinearity while
keeping a large number of explanatory variables in the
model, and (2) use the information about the structure
of regression coefficients by smoothing the estimated
coefficients towards a solution expected given their
known interrelationship (Eilers 1991). The procedures
are based on ridge regression (Hoerl & Kennard 1970),
a standard method for dealing with multicollinearity.
An unknown parameter controls the amount of
smoothing and ‘optimal’ values are chosen using cross-
validation. Here, we adopt their general concepts and
fit them into a linear mixed model framework. We show
that using our method the value of the smoothing
parameter is automatically selected within the mixed
model itself, thus regularizing the procedure without
requiring the use of classical selection methods such
as cross-validation.

We will demonstrate the usefulness of our method in
two examples investigating the timing of the influence
of weather conditions prevailing during gestation
on the birth weight of red deer Cervus elaphus (L.)
and North Country Cheviot sheep Ovis aries (L.) in
Scotland. As described above, birth weight in red deer
appears to be associated with daily air temperature
sometime between February and May. In contrast,
rainfall appears to be the important variable, both
earlier in pregnancy (8—14 weeks) and later in pregnancy
(15-21 weeks), influencing the birth weight of sheep
(Larkham, personal observations). Thus, previous
studies identified weather effects within broad temporal
intervals. The application of our method will enable
examination of multiple fine-scale temporal intervals
throughout the whole of the pregnancy period thus
expanding our understanding of when the relationship
with weather is strongest.

We explore the performance of our approach against
two commonplace statistical methods for fitting regres-
sion models with many explanatory variables. This
involves comparing how useful the methods are at
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obtaining good estimates of the regression coefficients
in the presence of multicollinearity. However, a com-
parison is only possible when we know the true values;
therefore, simulated data are used, rather than field
data, as the true regressions are then known. We begin
by introducing these different statistical methods for
model fitting. The aim here is to illustrate the develop-
ment of our approach in order to fully appreciate the
methodology described in this paper. We show from
the simulation study that our method, which we shall
call difference penalty regression (DPR), provides a
robust technique for estimating the effects of intercor-
related explanatory variables. In particular, we are able
to get a better understanding of the role weather plays in
the early development of mammals.

Although we develop the method in the context of
traits affecting population demography, the applicabil-
ity of the methods is very general. Another application
in which the covariates would correspond to time
intervals is phenology, with attention focusing on the
effect of weather (often temperature) on the timing of
an event. Alternatively, the covariates may correspond
to spatial intervals. Examples in this case might be in
studies of the effects of surrounding habitats on
breeding success at a sample of nest sites, or the effect
of surrounding water pollution on the growth of a
marine sedentary organism. The paper concludes with
a discussion of the observed weather—birth weight
relationship and a general evaluation of the developed
method.

Methods
BACKGROUND TO METHOD OF ANALYSIS

Regression using least squares

We begin with a linear regression situation relating the
values of a response variable y from n independent
observations to k continuous explanatory variables, w.
That is, for the i observation

Vi=u B+ Bowint o+ By g eqn 1
where is W the intercept, B, /=1, ..., k are k regression
coefficients and g; ~ N(0,6?). Different methods, giving
rise to different estimators, exist for estimating the Bs.
Their usefulness in obtaining accurate estimates can be
explored by looking at summary measures of their
sampling distributions.

A widely used criterion for comparing estimators is
to look at their mean square error, which is defined as
mse(B) = b(B,)* + Var(B) eqn 2
where ﬁj is an estimator of an unknown regression co-
efficient B, b(f},-) = E(B,-) — B; is the bias of the estimator
and Var(B,) is the variance of the estimator. Both the
mean, E(Bj), and the variance, Var(B,-), of the sampling

distribution are involved in the assessment of an
estimator’s performance. A good estimator would be
one with a small mean square error, essentially one that
has little bias and a small variance.

Least squares regression (LSR) is the most common
estimator of the coefficients in a linear regression model
as it has the lowest variance of all unbiased (E(B_/-) =B)
estimators. Estimates of the regression coefficients in
eqn 1 are obtained by minimizing the sum of squared
residuals
z (y; = (W +Bywyy +Bow, +. + B,{w,.’k))z. eqn 3
However, in certain situations, such as in the case of
having intercorrelated explanatory variables, there may
be better estimators whereby the mean square error
criterion may be optimized by relaxing the constraint
of unbiasedness. In the presence of collinearity, least
squares estimates are unstable and tend to be large in
absolute value. Consequently, estimates may be very
different from their true values and similar estimates
are unlikely to be obtained if the data collecting process
were repeated.

Figure 2(a) illustrates these effects with data gener-
ated from eqn 1 with n =100, k = 17, 6 = 4; correlation
between neighbouring explanatory variables, that is
between w; ;and w, ;,,, was set at 0-90 and B, ..., B, had
a unimodal structure, peaking in the middle. Two
features are clear: the estimated coefficients may be very
different from the true values and successive estimates
can err in opposite directions. To accommodate for
such erratic behaviour, the standard errors of the
estimates and confidence intervals are large. The uni-
modal structure of the true coefficients is therefore
obscured in the presence of multicollinearity. Thus, the
ability of a regression analysis to study the effects of a
set of explanatory variables will be less effective.

Penalized regression using least squares

To control for the instability and large values associ-
ated with LSR estimates Hoerl & Kennard (1970)
proposed the use of ridge regression (RR), a form of
penalized least squares, in the presence of multicolline-
arity. The ridge regression estimator minimizes the sum
of squared residuals plus a penalty term

n k
z ;= (W +Bywy +Bow, +.+ Bkwl.’k))2 + 7\,2 Bj

=l =
eqn 4

RR discourages large values of the coefficients, one of
the consequences of multicollinearity, by having the
second term in eqn 4, 7»22;1 Bj, which penalizes large
estimates. The extent of this shrinkage is controlled by
the parameter A. Methods for selecting values for A
include a ridge trace and cross-validation. Larger values
for A tend to shrink each Bj further towards zero, while
when A = 0 eqn 4 reduces to the LSR estimator (eqn 3).
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RR can reduce the mean square error of the esti-
mator when multicollinearity is present. More stable
regression coefficient estimates may be produced with
smaller standard errors than those estimated using
LSR, but at the cost of generating biased estimates (a
bias towards zero). However, with a suitable choice of
A this bias/variance trade-off can result in a smaller
mean square error. Comparable results can be obtained
using a Bayesian approach by supposing that one’s
prior knowledge of the coefficients is that they are
drawn from a common distribution. Lindley & Smith
(1972) assumed that the coefficients had the following
prior
B, ~ N(O, c;) eqn 5
and showed this to be equivalent to a ridge regression
with A = cz/cs . The Bayesian method has the advan-
tage, in contrast to the rather subjective methods of
choosing A, of automatically selecting A within the
regression analysis.

RR assumes no particular interrelationship between
the B_,-s, whereas those collected on a temporal scale
would be expected to show a distinct pattern of cor-
relation. In reference to our example data sets, the
effect of weather in neighbouring time intervals during

Regression coefficient
N

2t * \
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Explanatory variable index (w)

Fig. 2. Plot of regression coefficients estimated fitting LSR (a),
RR (b) and DPR with the penalty on first differences (c) to
simulated data. Estimated regression coefficients (@) with
95% confidence intervals (——) compared with true regression
coefficients (O).

pregnancy is likely to be similar. For example, suppose
the explanatory variables in eqn 1 represent weather
conditions for a sequence of k time intervals and their
associated regression coefficients represent the rela-
tionship between weather and the response variable.
One would not expect the irregular changes in the
regression coefficients estimated using LSR (Fig. 2a),
but would rather believe the relationship changes
smoothly between time intervals.

Instead of shrinkingall Bjs towards zero, Eilers (1991)
proposed using a penalty term in which each Bj is
shrunk towards adjacent estimates. This has the effect
of smoothing the estimated regression coefficients. The
penalty could be on first differences B;,—;, (later
called differences of order 1). Hence, the penalty term
ineqn4becomes L ¥, (AB,)” where A, =B, — B, , for
Jj=2, ..., kand the ;s are forced towards the values of
their neighbours. Further smoothing, using this differ-
ence penalty regression (DPR), can be obtained by taking
second differences in the penalty (differences of order
2); thatis A 2’;:3 (A2[3,)2
where

AZBj =B-B) B —B;2)=B-2B;,+B;>»

forj=3, .. k.
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The usefulness of difference penalties is illustrated
by the recent developments in nonparametric curve
fitting. P-spline smoothers (Eilers & Marx 1996; Marx
& Eilers 1998) use difference penalties in a very general
setting: the computational difficulties associated with
knot selection are avoided in our examples because the
covariates represent equally spaced time intervals.
One area for improvement in all smoothing methods
is optimizing the size of the smoothing parameter.
Values are generally chosen using classical selectors
such as cross-validation. However, this does not
always give a satisfactory result [see comments in Eiler
& Marx (1996) on the use of cross-validation to select
the smoothing parameter in a P-spline to optimize
smoothing].

An alternative procedure, which will self-regulate the
amount of shrinkage, is to consider eqn 1 as a linear
mixed model and treat the effect of weather as a random
effect. The ;s are then assumed to be drawn from a nor-
mal distribution with zero mean and unknown variance.
Random effect estimates are obtained by weighting
information from the data with this prior assumption.
Consequently, the estimates are shrunk towards zero,
like in a ridge regression, but now the amount of
shrinkage is controlled within the analysis itself. The
idea of smoothing using linear mixed models has been
demonstrated with the fitting of cubic smoothing
splines together with fixed and random effects (Verbyla
et al. 1999; see also Wood 2006 for a general presenta-
tion of smoothing splines in a mixed model context),
and we carry the potential of this approach through to
smoothing series of regression coefficients.

Our method is comparable with RR and the Baye-
sian approach in that it is also a biased estimator. Similar
to the Bayesian approach, it assumes the 3,5 follow a
common distribution and therefore has the advantage
of letting the data estimate the shrinkage parameter.
Hence, the amount of smoothing is dependent on the
data for a particular order of differencing. Next we
describe linear mixed models in more detail and show
how difference penalties can be easily incorporated as
random effects into the linear mixed model.

Penalized regression using linear mixed models

Eqn 1 is equivalent to a fixed effects model and may be
re-written in matrix form as
y=X0+¢ eqn 6
where y is a vector of length n, Xisan x (k + 1) matrix
of intercorrelated explanatory variables with elements
inrow iequal to [1, w;;, ..., wi], 0= (W, By, ..., Bp) is a
vector of fixed effect parameters corresponding to the
unknown intercept and regression coefficients and € is
an x 1 vector of errors assumed to be independent and
normally distributed with mean zero and variance 6°I.
The RR estimator and its equivalent Bayesian approach
estimate 0 as

6=X'X+AD"' Xy eqn 7
Alternatively we can fit a linear mixed model with the
regression on weather as a random effect. Thus
y=Xa+Zb+e eqn 8
where Z is a n X k matrix of the intercorrelated explan-
atory variables with elements w;;, b= (b, ..., b;) isa
vector of random effect parameters, X is a n X p matrix
of fixed effects values, ais a p x 1 vector of fixed effects
parameters, b~ N(0, G; I) and £~ N(0, 6*I). When
the fixed effect part of the model consists of just the
intercept, X becomes a # x 1 matrix of 1s and o is the
scalar p. Additional random effects can be fitted but here
we consider only the correlated explanatory variables.
The best linear unbiased predictor of b is defined as

b=(Z'Z+\)" Z'(Y - X&) eqn 9
where A = GZ/GE Note, A in eqn 9 is equivalent to the
Bayesian choice in eqn 7. Estimates of the relationships

with weather, B, ... B, (eqn 1), are given by the elements
of b.

DIFFERENCE PENALTY REGRESSION

Suppose we want to treat differences of the regression
coefficients as random effects. If D is a difference
matrix of order d then let b* = Db represent the vector
of random effect parameters. Different difference
penalties may be considered: by including rows of zeros
below the active part, we can treat D as a k X k square
matrix and avoid complexity in the expression of its
generalized inverse, denoted D™. Assuming the inter-
correlated explanatory variables are recorded for intervals
of equal length, a first difference matrix, which penalizes

first differences, has values D;;=-1, D;;,; =1 for
j=1, ..., k-1 and zero elsewhere. Thus

by —b, ~N(O, G;) eqn 10
for j=1, ..., k—1. Alternatively a second difference
matrix has values D;;=1, D;;;=-2, D,,,=1 for

j=1,...,k =2 and zero elsewhere. Since Zb=Z(D"
Db + b — D"Db), we may rewrite eqn 8 as
Y =Xo+ Z*b* + € eqn 11
where Z* = ZD" is a transformation of the correlated
explanatory variables, b* ~ N(0, 0;1), and Z(b - D'Db)
gets put into the fixed effect term Xa. Further details
are given below. (Note that, for simplicity, the exposition
contains only those terms required for regression on
the weather covariate.) The model in eqn 11 characterizes
a DPR.

The possible amount of shrinkage on the random
effect parameters varies between none at all, effec-
tively assuming independence between the explanatory
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variables, and total shrinkage so that b*=0. Total
shrinkage when using a first differences penalty
would force all b; to have the same value. A fixed effect
representing this value should be included in the
model so that if there was total shrinkage we would
obtain the expected result. In eqn 11, X has columns
X,, p =1, 2, with the /" elements of x,, X, equal to 1,
fo:l w,, respectively and o= (W,0,)’, where W is the
intercept and o, can be interpreted as an average regres-
sion coefficient about which the smoothing values vary.
We then find that Xa.= ul + Z(b — D™Db).

If the penalty were to be on second differences then
total shrinkage would force the regression coefficients
to follow a linear trend along the sequence of explan-
atory variables. A first order polynomial of the coeffi-
cients should then be included as another fixed effect.
X would then be a n x 3 matrix with the third column
equal to 2; jw,, and @@= (i, o, o)’ thereby allowing
the underlying average regression coefficient, about
which the smoothed coefficients vary, to change linearly
with time interval. Similarly, for higher orders of dif-
ferencing additional fixed effect terms need to be added
representing higher order polynomials. Hence, for
the & order of differencing there will be d+ 1 fixed
effect terms in the model. See Appendix S1 in the
Supplementary material for details of the derivation
of the estimates and standard errors of the weather
regression coefficients B, ... , B;.

The linear mixed models were fitted using the method
of residual maximum likelihood (REML) (Patterson
& Thompson 1971; Searle, Casella & McCulloch 1992).
Allsubsequent examples of RR and DPR were estimated
using the REML procedure in Genstat 7-2. Using the
simulated data described above, a comparison of the
three methods, LSR, RR and DPR is displayed in
Fig. 2. The regression coefficients are much smoother
using the latter approach and the unimodal structure
of the true coefficients is now clear. The simulated data
and the Genstat code used to fit DPR, with a penalty
on first differences, to the simulated data are given in
Appendices S2 and S3 of the Supplementary material.
It is also possible to fit the DPR model using the Ime
function in R and the example code is given in Appendix
S4 of the Supplementary material.

FIELD DATA

We illustrate the application of DPR with data on
birthweights of two species of mammals: North Country
Cheviot sheep and red deer.

Birth weights (kg) of twin lambs from North Country
Cheviot sheep were collected as part of the Hill Sheep
Systems Research programme (Sibbald & Maxwell
1992). We consider twin lambs born over a 10-year
period between 1977 and 1986 at Sourhope Research
Station (55°6’N, 2°42'W) in south-east Scotland. As
there were instances where only one lamb per twin had
been recorded, for computational simplicity we con-
sidered only the weight of one lamb per twin. Daily

rainfall data (mm) were obtained from the Kelso
Meteorological Office weather station that is situated
approximately 18 km south from the study area.

Pregnancy generally lasts 21 weeks from late
November to late April and so we included 21 explan-
atory variables in the linear mixed model representing
average daily rainfall for each week during pregnancy.
Weather records were individual specific, documenting
rainfall at each of the 21 weeks prior to an individual’s
birth date. As gestation length varies little, we regard B;
as representing the relationship with rainfall during the
™ week. Hence, B, represents the effect of rainfall during
the first week of pregnancy; B,;, the last. This contrasts
with other studies that use calendar weeks and give all
individuals born in the same year identical weather
records irrespective of birth date. We considered
penalties on first and second differences of the rainfall
regression coefficients at neighbouring time intervals.
Also included in the model were a continuous fixed
effect for birth date, a categorical fixed effect for
mother’s age at the time of birth of her lamb, a contin-
uous fixed effect for mother’s pre-mating body weight,
a continuous fixed effect for lamb’s year of birth, a
categorical fixed effect for sex of the lamb along with
random effects for mother and lamb’s year of birth
(Larkham, personal observations).

The birth weight data for red deer were collected
from a wild population living in the North Block study
area on the Isle of Rum in Scotland (57°0'N, 6°20"W)
between 1971 and 1998 (Clutton-Brock, Guinness &
Albon 1982). Maximum daily air temperatures were
obtained from a Meteorological Office weather station
at Kinloch on the Isle of Rum. Pregnancy length is
approximately 34 weeks with average mating in late
October and subsequent calving in early June. Splitting
the pregnancy period into 2-week intervals, we had 17
explanatory variables specifying mean daily tempera-
ture for each fortnight throughout pregnancy. As with
the previous example, weather records were individual-
specific. Some years had missing weather data. For this
analysis we included only those pregnancies with
complete weather records. We put a penalty on first and
second differences of the temperature effects at neigh-
bouring time intervals. Also included in the model were
a continuous fixed effect for birth date, categorical fixed
effects for sex of the calf and mother’s reproductive
status, mother’s age as a linear and quadratic fixed
effect along with random effects for mother identity
and calf’s year of birth. For further description of the data
and the variables used here see Coulson et al. (2003).

The same model was also fitted but with mean
temperature across a broad time window included
as a fixed effect instead of the 17 weather covariates.
Two time intervals were considered, April-May and
February—April, both used in previous studies on the
population, and we informally compared the estimated
pattern of the weather effects during pregnancy using
the three models. Comparison of the weather effects
in the different models is not straightforward because
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Fig. 3. Illustration of the influence of rainfall at 21 successive
weeks during pregnancy on the birth weight of North Country
Cheviot sheep using DPR with a penalty on first differences.
Approximate dates at the mid-point of the intervals are
given on the top axis. Estimated regression coefficients (@)
displayed with 95% confidence intervals (—-).

the covariates were measured at different scales. A cor-
rection for this was made by dividing the estimated
regression coefficient for the April-May and February—
April temperature covariates by the number of for-
tnights within these time intervals. To investigate the
extent to which the three models explained the variation
in birth weight due to temperature, we compared the
magnitude of their corresponding variance components.

SIMULATED DATA

Results from simulated data are presented to compare
the performance of DPR with RR using linear mixed
models and LSR. Data were created from the model in
eqn 1 withn=100,k=17,0=4,u=100and B, ..., B,
have a unimodal structure (see Appendix S5 in Supple-
mentary material for values). Assuming w;, ..., w;;
were a sequence of evenly spaced continuous variables,
values for w,,, ..., w;; were generated by drawing sam-
ples of size 100 from a multivariate normal distribution

Nk (05 z)

where 0 is a vector of zeros of length kand Zisa k X k
first-order autoregressive covariance matrix such that

1 2 k-1
P p
k-2
.| P, 1 P
2 =0, p 1
p
k-1 k=2 1
p P p

where 6> =2 and p =0-80. Hence the correlation
between successive explanatory variables was 0-80 and
correlation declined exponentially with increasing
separation between variables.

A total of 10 000 data sets were generated and
estimates of the regression coefficients B, ..., B,; were

obtained using LSR, RR and DPR (with a penalty
on first differences) for each data set. The mean and
variance of the coefficient estimates were calculated as
well as the average of the estimated variances of each
coefficient var(B) . Asthe true values for the regression
coefficients were known, the bias and mean square
error of the estimates could be acquired. At each
simulation, 95% confidence intervals were also estimated
as Bj + 1-96s. e.(B,) and coverage rates were obtained;
thatis, the proportion of confidence intervals containing
the true regression coefficient.

Results

Difference penalty regression (DPR) with a penalty on
first differences revealed a significant negative effect of
rainfall during mid-pregnancy on the birth weight of
lambs (Fig. 3). Females showed a negative response
of —0:03kgmm™ at approximately 13 weeks before
birth, which is on average between late January and
early February. The negative effect is most distinct
when the penalty is on second differences (Fig. S1 in
Supplementary material). The estimated effects of
rainfall were not significantly different from zero during
early and late pregnancy (Fig. 3 shows that the confi-
dence intervals of the estimates include zero). Despite
attempts to smooth the regression coefficients, we still
see an irregular estimate at 5 weeks before birth
compared with its neighbouring values.

Fitting a penalty on the first differences of the regres-
sion coefficients reveals a positive relationship between
temperature and the birth weight of red deer (Fig. 4).
The individual relationships were not significantly
different from zero until about 14 weeks before birth,
then rise from about 0-03 kg °C ™' at 14 weeks before
birth to 0-045 kg °C ' at 10 weeks before birth but then
declined again, with the regression coefficients in the
last 6 weeks of gestation again being not significantly
different from zero. Thus, on average it was temperature
during March and April, particularly the last 2 weeks
of March and the first 2 weeks of April, when the
relationship was strongest. The estimated coefficients
for the two broad time intervals (February—April and
April-May) were similar to each other and to the esti-
mate for the peak (early April) identified by DPR. An
even smoother result is obtained with a second differ-
ences penalty on the regression coefficients (Fig. S2 in
Supplementary material).

The addition of a temperature effect in the linear
mixed model for birthweight of red deer decreased the
magnitude of the variance component for calf’s year of
birth (Table 1). In the models with an April-May or
February—April temperature covariate, the size of the
variance component was reduced by 41% and 45%,
respectively. The DPR model revealed the greatest
reduction of 52%, i.e. temperature was explaining more
of the between-year variation in birthweight. There
was little difference in the estimated variance for the
mother and residual effect between the models.
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Fig. 4. Illustration of the influence of temperature at 17
successive 2-weekly intervals during pregnancy on the
birth weight of red deer using DPR with a penalty on first
differences. Approximate dates at the mid-point of the
intervals are given on the top axis. Estimated regression
coefficients (@) displayed with 95% confidence intervals (—-).
Relationships with temperature summarized across broad
time intervals also shown. Solid line: model with average
February—April temperature as a covariate (+ 1-:96 SE).
Dotted line: model with average April-May temperature as a
covariate (£ 196 SE).

Table 1. Variance components of linear mixed models fitted to the birth weights of red
deer. Models were fitted with no temperature effect (none), with a fixed effect included
for average April-May temperature (April-May) or average February—April
temperature (Feb—April), and with temperature smoothed using DPR with a penalty on
first differences (smoothing)

Model for temperature effect

Random effect none April-May Feb-April smoothing
Mother 0-637 0-630 0-633 0-623
Calf’s year of birth 0-082 0-048 0-045 0-039
Residual 0-856 0-859 0-856 0-853

Table 2. Simulation results comparing least squares regression (LSR), ridge regression
(RR) and difference penalty regression (DPR)

Bias Variance Mean square error
Parameter LSR RR DPR LSR RR DPR LSR RR DPR
B, 0-003 -0-002 0-044 0-204 0-178 0-075 0204 0-201 0-077
Bs 0-004 0-021 0162 0366 0-306 0:063 0-366 0-126 0-089
Bio 0-007 -0-004 -0-053 0-390 0-316 0-:057 0-390 0-200 0-060
var(B) Coverage
Parameter LSR RR DPR LSR RR DPR
By 0-209 0-192 0106 0950 0956 0978
Bs 0365 0-329 0118 0948 0956 0980
Bio 0395 0350 0116 0950 0-958 0-994

See Appendix S5 for the complete table. Summary statistics computed from 10 000
simulations. Coverage refers to coverage of 95% confidence intervals. MSE is the mean
square error. Results for difference penalty regression used a first differences penalty.

The simulation results show that the DPR performs
better at obtaining estimates of regression coefficients
in the presence of intercorrelated explanatory variables
(Table 2; see Appendix S5 in Supplementary material
for complete results). The LSR estimator appears to be
unbiased but the variance is very large. In contrast, RR
and DPR show an increase in bias but a substantial
reduction in variance. Moreover, the mean square error
is much reduced using DPR. Using DPR, we would
expect var(B; to be an approximation of var(B) as
is true for the LSR estimates. However, var(B) is
consistently larger for all parameter estimates using
either RR or DPR, the gap being more noticeable
for the latter, arising because the variance components
are estimated. This consequently increases the coverage
of the 95% confidence intervals.

Discussion

In this paper we have demonstrated that a form of
penalized multiple regression, with a penalty on the
differences of neighbouring regression coefficients,
identifies the pattern of the timing of influence of
weather experienced during pregnancy on the birth
weight of two species of mammals. Our approach is
an improvement on previous analyses as it allows for
the effect of weather at multiple, narrow time intervals
to be estimated simultaneously. Hence, it provides
a flexible method for identifying periods when a
stimulus may have profound effects on early development
and may help illuminate the potential mechanisms
underlying weather—biological trait relationships.
As birth weight is a major factor influencing lifetime
fitness (Clutton-Brock et al. 1996; Kruuk et al. 1999)
and because whole cohorts experience similar weather,
the consequences of weather conditions experienced
during pregnancy may have lagged effects on the
dynamics of populations (Albon et al. 1992).

The method uses the additional information regard-
ing the structure of the regression coefficients to reduce
the negative consequences of multicollinearity. By
fitting the penalty as a random effect in a linear mixed
model, the amount of smoothing is regulated within
the model itself. Shrinkage of the regression coefficients
towards neighbouring coefficients increases when esti-
mates from the data are less reliable. This may occur
when the relative variability between the random effect
and the residual error, Gé /o, decreases, as the size of
the random effect may be partly due to the large residual
error. Likewise shrinkage increases when the amount
of information on each random effect decreases.

We assumed the explanatory variables are an ordered
sequence at evenly spaced intervals. However, we can
relax these assumptions to include variables that form
a looped sequence, such as calendar month (Elston &
Proe 1995) or wind direction (Eilers 1991), or are posi-
tioned at uneven intervals by modifying the differencing
matrix D. Application of DPR depends on a suitable choice
for the order of differencing. In some cases we might
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have prior knowledge about the pattern of the coefficients
that will determine what level of differencing to penalize.

The simulation study shows that the DPR estimator
is preferable to the LSR or RR when the explanatory
variables form an ordered sequence; there was a notice-
able decline in mean square error using DPR. However,
the width of the confidence intervals calculated using
DPR is overestimated resulting in higher coverage
probabilities than expected. As the error is small we feel
this should not hinder its applicability but rather
recommend caution when interpreting results.

The main application of this paper was to identify
the role weather plays during pregnancy in determining
birth weight of mammals. In order to control for the
effects of seasonality on birth weight, for example that
individuals born later experience warmer weather and
hence may be born heavier, we included birth date as
a covariate in both models. Weather regression coeffi-
cients therefore represent the effects of departures from
the seasonal average. The results from both examples
have potentially important consequences because
the variation in birth weight is a major determinant of
lifetime reproductive success in large herbivores
(Kruuk et al. 1999; Steinheim et al. 2002).

Our analyses confirm that temperature during late
pregnancy was having a positive effect on birth weight
in red deer, presumably because warm spring tempera-
tures advanced the onset of grass growth and increased
the mother’s plane of nutrition (Albon et al. 1992).
Previous studies have used April-May mean tempera-
tures (Albon et al. 1983, 1987; Kruuk et al. 1999) or
February—April mean temperatures (Coulson et al.
2003) in analyses of birthweight in the same population.
Our results suggest these estimates encapsulated much
of the time period when temperature most strongly
influenced birthweight. However, we found from the
smoothed regression coefficients that the time window
when weather most strongly influenced birthweight
was between mid-March and mid-April. The main dif-
ference between these modelling approaches was the
estimated pattern of the timing of influence of temper-
ature during pregnancy. The smoothed set of regres-
sion coefficients revealed using our approach is what
we would expect given the biological background of the
problem rather than effectively a step function that was
produced when temperature was summarized across a
single broad time window of multiple months.

Rainfall was most strongly influencing birth weight
of North Country Cheviot sheep during mid-pregnancy,
between the end of January and early February. A
possible explanation for the negative effect might be that
harsh environmental conditions, such as high rainfall,
increase maternal thermoregulatory costs and may result
in re-partitioning of nutrients from the foetus to the
mother. This may reduce placental growth, which is
atits maximum rate during mid-pregnancy (Ehrhardt
& Bell 1995; Wallace et al. 2000). Reduced placental
size can in turn reduce foetal growth rate (Mellor 1987),
potentially resulting in reduced birth weight.

In addition to developing a better understanding of
the timing of the impact of prevailing weather on
life-history traits, penalized regression should increase
the likelihood of detecting other factors contributing
to the variation in fitness. For example, by explaining
more of the variation due to density-independent
weather factors, DPR may permit a better estimate
of both the additive effects of density dependence and
the often more obscure interactions between density-
dependent and stochastic, density-independent factors
(Milner, Elston & Albon 1999; Coulson et al. 2001;
Hallett et al. 2004).

The linear mixed model approach provides an
alternative method for fitting penalized regression,
requires no additional smoothing parameter-selection
method and alternative forms of penalty terms can be
implemented by a simple transformation of the inter-
correlated explanatory variables. In this paper we
use our method to produce estimates of the critical
periods during pregnancy when weather is influencing
life-history traits of mammals. More generally, the pro-
cedure presented here provides a valuable technique
for ecologists from a broad range of fields who wish
to study the effects of sequences of intercorrelated
explanatory variables.
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