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 Because climate has such a 
profound effect on the distribution 
and abundance of invertebrates, 
quantification of climatic influences 
on insects has been of considerable 
interest to entomologists for well 
over a century. While simple 
predictive models were developed 
early on, easier access to 
computers in the 1970s resulted in 
the development of computer based 
models to predict the biotic potential 
of insects in relation to climate. 
Simple bioclimatic models are oft en 
used to predict population events so 
that control methods can be more 
precisely applied, reducing costs to 
the grower as well as insecticide 
use. 
 Decreased insecticide use 
helps preserve natural enemies, 
reduces insecticide residues in 
crops, and delays the development 

of insecticide resistance. Other 
benefits are the conservation of 
petroleum products, increased 
safety to farm workers, local 
residents and the environment. 
Additionally, models of insect biotic 
potential and life cycle timing can 
increase the precision of sampling 
and monitoring programs, and 
application of biological control 
procedures. More complex 
bioclimatic assessment models 
have been designed to predict the 
potential establishment and 

distribution of insect species, often 
to assess the risk of invasion into 
areas where they are not normally 
found. 
 
Temperature Models 
 Of all the climate variables 
that directly affect insects, 
temperature has the greatest 
influence. The influence of 
temperature on insect development 
rate, growth and fecundity has been 
quantified for many species. The 
relationship oft en observed in 
laboratory conditions between 
insect development rate and 
temperature (see development rate 
figure, Fig. 1) is well used by 
applied entomologists to predict 
timing and phenology of insect life 
cycle events. The relationship is 
usually nonlinear throughout the 
range of temperatures in which a 

species can survive; however, a 
number of mathematical functions, 
both linear and non-linear, have 
been used to describe it. Such 
functions comprise simple models 
for prediction of timing or phenology 
of life cycles, or can form the basis 
of more complex bioclimatic 
models. 
 There are three basic 
approaches to modeling insect 
development in relation to 
temperature. The oldest and most 
widely used model is a simple linear 
description of insect development in 



relation to temperature (see 
development rate figure). The linear 
model forms the basis to the well 
known thermal summation or 
degree day (DD) approach to timing 
prediction. Degree days are also 
called thermal units, heat units, or 
growing degree days. Degree days 
are simply the number of degrees 
above a threshold temperature 
required for growth. If temperatures 
are held constant in the laboratory, 
for example at 20°C, and if the 
lower threshold, T0, for growth or 
development of the insect life stage 
of interest, is 5°C, then degree days 
per day or the amount of influential 
heat to which the insect is exposed 
is 20-5°C = 15 DD. Degree days 
per day are accumulated over the 
time it takes the particular life stage 
to complete development. For 
example, if that life stage takes 10 
days to complete development, that 
time is converted to physiological 
time by 15 DD ×10 days = 150 DD 
required for development. To 
predict events in the field, some 
meaningful point or biofix from 
which to start degree day 
accumulation and some method to 
calculate degree days from the daily 
diurnal temperature curve are 
required. There is a large amount of 
literature on application of this 
method in applied entomology and 
plant growth studies. 
 Of special interest is how the 
relationship between insect 
development and temperature is 
used in forensic entomology. As 
gruesome as it might be, species of 
blowflies are often the first to find a 
dead body, on, or near which, they 
lay their eggs. By judging the age of 

the life stages of the fly larvae or 
pupae, and by applying the 
particular relationship between 
temperature and development for 
the fly species, the forensic 
entomologist can often determine 
the time of death of the unfortunate 
person. Of course, when 
investigating a suspicious death, 
things are not usually that easy and 
many factors that influence the 
temperature experienced by the 
flies need to be taken into account. 
For example, whether the body is 
found inside a building, a vehicle, 
shallow grave or other enclosed 
space, or whether it is found 
outdoors exposed to the elements 
is of importance. Even the heat 
generated by the maggots could 
influence the rate of development of 
the flies. 
 Notice that the linear model 
is confined to the more linear 
portion of the development rate 
curve (see development rate 
figure). Intrinsic to the use of the 
linear model is the assumption that 
development is proportional to 
temperature. This means that the 
reciprocal of the slope (1/slope) of a 
regression line fitted to the 
developmental data obtained at 
constant temperatures gives the DD 
required for development. The 
linear regression equation can also 
be used to calculate the lower 
threshold (T0) for development 
which is defined as -a/b, where a is 
the intercept and b is the slope of 
the regression line. The thermal 
optimum (if required) is often 
estimated by visual inspection of 
the development rate curve. 
 The linear or degree day 



model is easy to develop and use. 
While the linear model is clearly 
wrong in the sense that the lower 
and upper curvilinear portions of the 
development rate curve are 
ignored, this may not matter when 
field temperatures lie within the 
developmental extremes, but 
inaccurate predictions will result 
when temperatures stray too often 
beyond these points. 
 The second approach to 
predicting insect phenology in 
relation to temperature 
encompasses the many non-linear 
mathematical descriptions or 
functions used to describe nonlinear 
development of insects. These 
functions can range from a simple 
sine-curve fitted to the nonlinear 
data to more complex biophysical 
models or equations. Non-linear 
models require rate summation for 
timing prediction. Rate summation 
can be described as: 
 

D = Σ r(T(t))dt 
 
where development D is a function 
of temperature T which in turn is a 
function of time t, r is the 
development rate and dt is the time 
increment. For good precision the 
time increment should be hourly. 
While these models provide a more 
accurate description of the 
developmental relationship they are 
more difficult to develop and 
complicated to apply in practice. 
 
Distributional Models 
 The third approach to life 
stage development in relation to 
temperature is represented by 

distribution models of insect 
phenology that include temperature 
dependant development as well as 
variation in development rates 
within the population at any 
particular temperature. Such 
models require considerable 
research investment but can give 
important information about the 

uncertainty of prediction and good 
estimates of limits to development 
in regions where the species is not 
normally found. In general, 
however, complexity does not 
ensure more accuracy, and a 
comparative approach is oft en 
required. Additionally, there are also 
differences in the performance of 
phonological models under variable 
temperature conditions that need to 
be taken into account. 
 The biological realism or 
practicality of each approach to 
phonological prediction has been 
widely debated. Unfortunately, that 
debate is not helped by the fact that 
the appropriateness of a model is 
often judged on how well it fits the 
observed data rather than on 
rigorous validation using 
independent data. Rigorous 
validation requires that a model is 
validated against an adequate 
sample of the real world. One or 
two sites or seasons are clearly not 
enough. 
 Currently, no model provides 
an accurate description of 
development in all circumstances, 
especially under fluctuating 
conditions. Clearly, we are limited 
by the accuracy of the temperature 
data that is available and that may 
dictate the level of accuracy that is 



achievable. In many cases when 
great accuracy is not necessary (or 
achievable) the simple degree day 
approach may be all that is 
required. 
 Obviously, other climate 
variables have potential to influence 
insect population processes, and 
therefore the distribution and 
abundance of insect species in any 
locality. Models that incorporate 
other climate variables to predict 
insect distribution and abundance 
range from simple graphical 
approaches called climatographs or 
climatographs to more complex 
models that are process orientated. 
The graphs use a combination of 
climatic factors to predict areas that 
are suitable for establishment of a 
particular species and allow quick 
comparisons between sites. The 
simplest climatograph is a plot of 
the profiles of mean monthly 
temperatures and rainfall totals for a 
locality. A much more useful climate 
diagram or climatograph, however, 
can be a plot of mean monthly 
temperatures against mean monthly 
rainfall totals or humidity such that 
the points for the 12 months of the 
year are joined to create a polygon. 
At a glance one can see different 
shaped climate diagrams may or 
may not overlap indicating times of 
the year where different regions 
may or may not have similar 
climatic conditions (see 
climatograph figure, Fig. 2). 
 
Multivariate Models 
 Other bioclimatic approaches 
include the use of multivariate 
statistical models to predict insect 
distribution and abundance in 

relation to climatic variables. 
Multivariate approaches such as 
principal components analysis 
(PCA) and discriminant analysis 
can overcome the limited 
dimensions that constrain graphical 
models. Alternatively, multivariate 
methods can help reduce large 
amounts of environmental data to a 

few important variables, and are 
often used to pre-process data to 
reduce the number of input 
variables to improve subsequent 
analysis by other statistical methods 
or models. 
 Because the relationship 
between insects and their 
environment can be complex there 
have been many other attempts to 
characterize their response to a 
range of abiotic and biotic factors. 
Such models are called bioclimatic 
“envelope” models and are a type of 
species distribution model wherein 
the current geographical distribution 
of the species is related to local 
climatic variables to enable 
prediction of survival or 
establishment in new areas or 
climates. The most well known and 
well used model that combines 
insect species’ response to a 
number of climate variables into 
meaningful, manageable indices, is 
called CLIMEX. CLIMEX is a 
computer based system that 
provides two levels of analysis. First 
is a simple match function that can 
be used to find climates elsewhere 
in the world that are analogous to, 
or match, within a specified level of 
similarity, the area of interest. Given 
further information on insect 
biological parameters, CLIMEX can 



give estimates in the form of simple 
indices of the favorability of 
particular geographic region for 
insect population growth and 
development. CLIMEX includes 
detailed long term weather data, 
comprising maximum and minimum 
temperatures, evaporation or 
relative humidity and rainfall for 
several thousand sites throughout 
the world. 
 At the second level of 
complexity the CLIMEX program is 
designed to predict the potential 
distribution of the species by 
calibrating its biological responses 
to the climate of its current 
distribution. The species responses 
are modeled by a series of stress 
indices that include cold, hot, dry 
and wet parameters that define 
particular environmental limits to the 
sustained growth and development 
of the population. These indices are 
then combined in an “Ecoclimatic 
index” that describes the overall 
favorability of geographic locations 
for that particular organism. There 
are many examples of bioclimatic 
assessments of insect species 
using CLIMEX particularly for 
quarantine or risk assessment 
purposes. Despite being relatively 
easy to use, CLIMEX, like many 
models, should not be used as a 
black box, it requires a level of 
expertise or training to optimize its 
use and to ensure correct 
interpretation of results. 
 There are now many 
examples of bioclimatic models that 
have been applied to a range of 
taxa. Some of the most well known 
are STASH, BIOCLIM, CLIMATE, 
HABITAT, GARP and DOMAIN. In 

fact, the number of computer-based 
models, statistical approaches and 
machine learning techniques 
applied to bioclimatic prediction 
continue to increase, apparently 
driven by research interest in the 
distributional changes of species in 
response to climate change. 
 
Computational Intelligence 

 More recently, applied 
computational intelligence models 
such as artificial neural networks 
(ANN) and other machine learning 
techniques have been successful 
for bioclimatic assessment of 
insects as well as other species. 
Such models have the advantage 
that they can model complex 
nonlinear data and they are not 
constrained by the distributional 
characteristics of data as more 
conventional parametric statistical 
models may be. In some 
comparative studies, ANN have 
been shown to be better than other 
methods for modeling species 
distribution in response to climate. 
The most common ANN used for 

prediction is the multi-layer 
perceptron or MLP. 
 ANN were first designed to 
mimic the vertebrate brain and 
consist of a network of processing 
elements called neurons in usually 
three layers; the input layer, the 
hidden layer and the output layer. 
All neurons of each layer are 
connected to all the neurons of the 
adjacent layer. As in the animal 
nervous system, each processing 
element in the network receives 
input from many others in the 
network. Each of the inputs or 



independent variables (U) is 
multiplied by its associated weight 
or coefficient and this dictates the 
strength or size of each input. The 
modified inputs are summed and 
the result is further modified by 
what is called a transfer function, 
which is usually a sigmoid function, 
but can be Gaussian or even a 
simple linear function. The result is 
either fed forward to other neurons 
in the network or becomes the 
network’s output. The complex 
network algorithm adjusts the 
weights of the network connections 
over many hundreds or thousands 
of iterations to minimize, by least 
squares, the difference between the 
observed values and its own output 
values. The unique algorithm and 
structure means an ANN can learn 
to fit extremely complex functions 
and therefore is very useful for 
predicting species presence or 
absence based on a number of 
climate variables. Another 
advantage of machine learning 
approaches is that correct 
procedure involves training (fitting) 
but also testing and validation of the 
models. This procedure assesses 
how well the model can generalize 
to new data and as a result, over-
fitting, the scourge of more 
conventional approaches, is 

avoided. Of all the modeling and 
statistical methods described 
above, none can answer all the 
questions concerning insect species 
biotic processes in relation to 
climate. The seemingly broad range 
of approaches can complicate the 
choice of model. Interestingly, when 
different models are compared over 
many re-organizations of the data 
used to create them (Fig. 3), some 
models can perform better than 
others on a particular data set, but 
can perform worse than the others 
when using a different data set. 
That means it is important to 
compare the efficacy of new 
methods with more standard 
approaches. While the bioclimatic 
models described here cannot 
replace more detailed modeling of 
individual species responses to 
climate, they can provide important 
information to guide and inform 
decisions when more detailed data 
are lacking. Additionally, many 
approaches, if correctly applied, 
have potential for knowledge 
discovery that will increase our 
scientific understanding of how a 
range of abiotic variables can 
influence the distribution and 
abundance of insects. 
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Figure 1. Generalized nonlinear (solid line) and linear development rate curves. 
 

 
 
Figure 2. Climatographs for sites in the Antarctic region compared with Iceland. 
Graphs were compiled to determine how likely insect species that have 
invaded and established in some areas of the Arctic could survive the climatic 
conditions in representative sites of the Antarctic and sub-Antarctic regions. 



 
Figure 3. Comparison of a biological and artificial neuron. 
 


