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1 Introduction and background

In agriculture, it is well-known that there is a strong connection between crop health and weather
conditions. The main cereal crop in England is winter wheat and the main disease that affects
this is Septoria tritici which causes considerable reduction in grain yield and quality. It is
beneficial to produce a forecasting model for Septoria disease depending on previous weather
conditions to inform decisions about disease control. Ideally, the important weather variables
should result from regression data analysis at a sufficiently large number of sample sites and
under a wide range of weather conditions. However, the number of weather variables (both
type & frequency of observation) is very large, often much larger than the number of sites at
which observations were taken. It is inefficient and difficult to determine the important weather
variables for certain periods using traditional regression techniques. Various attempts have
been made to aggregate or summarise the weather information to fewer variables before they
were employed to predict disease severity. Whilst there are sound, statistically-based arguments
in favour of these practices, they will necessarily involve information loss. The development
of Principle Component Regression (PCR) and Partial Least Squares Regression (PLSR) give
alternative solutions to many problems of ordinary least squares regression. They provide a
rapid analysis of large amounts of data and have the ability to handle “fat data", where there
are more variables than observations. Before we apply these techniques to observed weather
data, a simulation study has been carried out to compare their performance. In addition, two
variable selection techniques are implemented to improve performance. The simulation results
presented in this study provide a basis for later disease forecasting.

2 Methodology

2.1 PCR and PLSR

PCR and PLSR are the two most popular regression techniques which try to explain the relation-
ship between predictors and a response by means of a small number of principal components
(PCs). These PCs are linear combinations of the original variables, and often allow for an in-
terpretation and a better understanding of the different sources of variation. Both techniques
can handle multicollinearity in the data and can be applied even when there are more predictors
than observations. PCR and PLSR are based on a bilinear model that explains the existence
of a relation between a set of p-dimensional predictors and a response through k-dimensional
score vectors ti with k � p. Specifically, for i = 1, . . . , n with n the number of observations
(xi1, . . . , xip, yi), we assume that

xi = x̄ + Pti + νi (1)

yi = ȳ + a′ti + ξi (2)
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Here x̄ is the p-dimensional mean vector of the predictor variables, ȳ the mean of the response,
P the (p × k) matrix of loadings and a represents the k-dimensional slope parameters in the
regression of y on the ti. The error terms are denoted by the p-dimensional vector νi and the
variable ξi. In terms of the original predictor variables, this bilinear model can be written as

yi = β0 + b′xi + εi (3)

with
b = Pa, and β0 = ȳ − b′x̄, (4)

where εi is the model error term. According to the bilinear model, both PCR and PLSR proceed
in two major stages. In the first step, following (1), they summarize the high-dimensional
observations xi in scores ti of dimension k � p. Various different criteria can be applied for
the selection of the number of components k, and this is usually done by cross-validation. These
k latent variables then become the regressors in the second step of the algorithm (2). Finally,
estimates for the p-dimensional vector b and parameter β0 are obtained via (4). A detailed
account of PCR and PLSR methods can be found in Martens and Næs (1998) and Kramer
(1998).

The main difference between PCR and PLSR lies in the construction of the k-dimensional
scores vector ti. PCR attempts to find linear combinations of the predictors that explain most
of the variation in the predictors using a small value for k. Because the principle components
are selected using only the predictors and not the response, there is no guarantee that PCR will
predict the response particularly well although this often happens. Thus PCR is focused on ex-
plaining variation in the predictors. In contrast, the PLSR scores are calculated by maximizing
a covariance criterion between the predictors and response. Hence information present in the
response is used in constructing the scores, ti. It is most effective when there are large number
of predictors to be considered. By construction, we expect PLSR to give improved prediction
results with even fewer components than PCR.

2.2 Variable selection in PCR and PLSR

Although PCR or PLSR are quite capable of handling collinearity problems among predictor
variables, there is still a need to eliminate predictors that are not correlated with the response.
Noisy and unimportant variables can influence PCR and PLSR models, and removal of those
variables will improve the model in terms of both interpretation and prediction. In this work,
two different methods for variables selection in PCR and PLSR were studied and compared.

Jack-knife (JK) PLSR algorithm, proposed in Westad and Martens (2000), is based on sig-
nificance tests of the regression coefficients estimated in the PLSR model. The algorithm used
in this work consists of four basic steps:

[1] The data set (xi1, . . . , xip, yi) was standardised for mean and variance and then split into
L-fold cross-validation subsets. Different significant levels α were considered.

[2] For each l = 1, . . . , L the PLSR algorithm was performed and the regression coefficients
b were estimated for the optimum number of PCs. The optimum number of PCs was
selected by further leave-one-out cross-validation. b

(l)
j was the regression coefficient for

the l-fold cross-validation subset and jth variable.

[3] The standard errors were calculated for the b
(l)
j regression coefficients, and a two-sided

t-test was applied to give a p-value for each predictor regression coefficient in the model.
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[4] The regression coefficients with p-values smaller than α were selected and PLSR per-
formed with the new variable set. The corresponding Root Mean Square Error (RMSE)
was computed on independent test data and the appropriate significance level, α, with the
lowest RMSE was archived. The predictor variables for which H0 : bj = 0 was accepted
at the chosen significance level were thus removed to form the chosen model.

Stepwise PLSR algorithm (S-PLSR) that we propose is inspired by the idea of stepwise model
selection in multiple linear regression (MLR). The relative unimportant variables were first
filtered out by applying a threshold procedure to the regression coefficients from a PLSR model
before a stepwise selection scheme was performed. This algorithm is useful if the underlying
true model is driven by a small number of predictor variables. The algorithm in this work is
outlined as follows:

[1] The data set (xi1, . . . , xip, yi) was standardised for mean and variance then split into L-
fold cross-validation subsets.

[2] The PLSR algorithm was performed and the regression coefficients b were extracted for
the full data set. A stepwise selection scheme was applied to the m% of variables with
the largest absolute regression coefficients using each cross-validation subset separately.
The Vlj binary value (1/0), indicating the appearance of the jth variable in the l-fold
cross-validation subset was computed.

[3] The set of variables with Fj ≥ D, where Fj =
∑L

l=1 Vlj for each frequency threshold
value D, D ≤ L were selected. MLR was performed on the new variable set. The cor-
responding RMSE was computed on independent test data and the appropriate frequency
threshold value Dopt with lowest RMSE was chosen.

[4] The set of variables with Fj ≥ Dopt formed the chosen model.

The same two algorithms are also used with PCR in place of PLSR.

3 Simulation study

To study the performance and the robustness of PCR, PLSR and the two model selection algo-
rithms, we conduct a simulation study. A high-dimensional data set with n = 180 and p = 500
was generated. The predictor variables x1, . . . , xp were constructed from a multivariate normal
distribution Np(µ,Σ). The vector µ and the diagonal entries of the covariance matrix Σ were
sampled with replacement from −100, . . . , 100 and 1, . . . , 100, respectively. The matrix Σ is
block diagonal with 10 equal size blocks, correlations fixed within each block at 0.9, 0.8, . . . , 0.
Two simulated models with 32 and 30 variables respectively were built and a noise term, η, with
normal distribution N(0, 1) was added to the model. We take L = 10 in the above algorithms.

Model 1: [The expression 5(x1 : x10) represents 5x1 + 5x2 + · · · + 5x10]

y = 12+5(x1 : x10)−3(x51 : x55)+10(x101 : x108, x145 : x150)+8x451+4x480−11x500+η (5)

Model 2:

y = 12+10(x48 : x53)−7(x148 : x153)−9(x248 : x253)+8(x348 : x353)−11(x448 : x453)+η (6)

We generate 10 datasets for each model, and the average across these 10 simulations are sum-
marised in Table 1. The emphasis was put not only on the predictive performance of the meth-
ods, but also on the removal of predictors uncorrelated with the response. We measure the
predictive ability of the methods by RMSE on a validation data set.
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Table 1: Results using PLSR, PCR and two different variable selection algorithms. The number
of terms that appear in the true models (5) and (6) are given in parentheses.

Regression methods
Model PCR PLSR JK PCR JK PLSR S-PCR S-PLSR

1
RMSE 170.6 146.4 164.0 61.0 104.5 34.4
# PCs/Variables 8 PCs 5 PCs 118 (25) 114 (27) 26 (19) 38 (25)

2
RMSE 253.2 184.1 251.1 124.1 275.7 59.8
# PCs/Variables 9 PCs 7 PCs 395 (24) 130 (26) 21 (7) 34 (26)

4 Discussion

From Table 1, we see that PLSR gives a smaller RMSE with fewer variables/PCs than PCR. For
PCR, neither variable selection algorithm gives an order of magnitude improvement in terms
of RMSE, and, for model 2, stepwise PCR actually increases RMSE compared to when 9 PCs
are used. In contrast, variable selection algorithms for PLSR result in a large reduction in
RMSE, and the majority of the original 500 predictor variables are correctly removed. The JK
PLSR routine reduced 500 variables into 114 and 130 with RMSE values of 61.0 and 124.1
for models 1 and 2, respectively. This compares to RMSEs of 146.4 and 184.1 obtained using
5/7 PCs. Stepwise PLSR offers a further improvement, eliminating more of the uncorrelated
predictor variables. The minimum RMSE values of 34.4 and 59.8 were obtained using only 38
and 34 selected variables. Of these variables, 25 and 26 appeared in the true model given by (5)
and (6) respectively.

In the simulation study, PLSR has emerged as a more useful tool than PCR. PLSR is also more
computationally efficient. This favours PLSR as a first step to understand the structure of high
dimension (“fat") data. Two algorithms for variable selection were studied, and the stepwise
approach shown to further reduce the number of uncorrelated predictors and RMSE. However,
work on the S-PLSR algorithm is still ongoing. We plan to apply different thresholding pro-
cedures (borrowing from the wavelet literature) to the regression coefficients rather than using
an arbitrary m% cut-off. In further work, the S-PLSR method will be extended to Generalised
Linear Models (GLMs) in order to quantify important weather variables for disease incidence
forecasting.
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