
Plant Disease Epidemiology

REVIEW:
 Terminology & history
 Monitoring epidemics: Disease measurement

○ Disease intensity: severity, incidence, ...
 Types of variables, etc.
 Measurement (assessment) of severity
□ Visual, electronic, indirect

 Reliability & accuracy
 (Read book for host measurement)

PREVIEW:
 Analysis of epidemiological data

○ Relations in epidemiology
○ Modeling & analysis (introduction)
 Terminology, concepts
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Relations in epidemiology--
the need for models

 Epidemics involve changes in disease intensity over 
time & space in a host population.
○ Because one can never measure or observe every 

individual in a population, one must use models to 
represent or summarize the behavior of the 
population (as you will see….).

○ Furthermore, we are usually interested in 
relationships (at the population level) in 
epidemiology. 
 Models are needed to summarize, in a 

quantitative sense, the relationships of interest.
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Model:
○ Simplification of reality
○ "Abstraction of a real phenomenon or process that 

emphasizes those aspects relevant to the objectives 
of the user"

○ Used to describe, understand, predict, compare, 
communicate, and make inferences about the 
phenomenon
 A given model used for one or more of these purposes 

(but probably not all)

Note: the general concept of a model is much 
broader than EQUATION.

In fact, models need not be equations at all!
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Models

 Mental models
 Tangible models

○ Physical models
○ Abstract models (symbols in the broad sense)
 Qualitative

(flow charts, graphs,…) 
 Quantitative (rules and notation of 

mathematics): "Mathematical"

□ Statistical (stochastic)
(Special type of mathematical model;
explicit use of randomness, variation)

Could be 
for 
continuous 
or discrete 
random 
variables

(See Fig. 
3.1 in 
text)
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Mental model: 
A mental image of how something is imagined to be or to exist.

Tangible model:
A mental image transformed into an explicit form.

Word descriptions, charts, flow diagrams, physical models, equations.
 For communication and to perform operations and manipulations.
 Either physical or abstract.

Physical model:
Reproduces the form or function of the original (reality) in some scaled-down or 
simplified way, using similar or analogous physical medium ("model airplane", 
plastic model of DNA)

Abstract model:
A tangible model that uses symbols to represent the form or function of the 
original (reality) in a nonphysical manner.

Equations, flow charts, schematics, etc.

Qualitative abstract model:
Represent the essential qualities or attributes of the original.

Disease cycle diagram ("Infection Chain"), graph
Quantitative abstract model (Mathematical model):

Uses mathematical notation and rules to represent the essential (quantitative) 
aspects of the original.

Statistical models:
Special type of mathematical model that represents probabilities or 
random variation. 
"Plausible description of the process that gave rise to the observations” –
Stroup (2013)
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Model: spores/lesion ( Y ) in relation to lesion 
area ( X )

                                                     

Note: We usually use Y for disease intensity (absolute 
scale), but we are following typical statistical convention 
and also using Y for a generic variable (left-hand side of 
an equation)

Equation:
A quantitative 
abstract model (a 
mathematical 
model).

Could be called a 
deterministic model 
(no variability; Y is 
completely 
determined from X)

Graph:
Qualitative abstract 
model
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Models (continued)
New graph

 Note: there is a difference between 
this graph and the previous one. 

 Before, there was only a line. 
○ This means we are saying that 

every lesion of a given size has 
exactly the same sporulation!

 Now, this graph shows that at any 
given lesion size, a range of values 
is possible, 
○ the "central" value (mean) of 

sporulation  at a given lesion 
size increases linearly with 
size

Handle this scenarios with a statistical 
model: adding a random term to the 
previous equation
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Models (continued) Statistical model: explicit 
consideration of variability or 
randomness

 Add a random term (ε)
 Without ε ("Greek lower-case epsilon"), 

Y is always the same for a given X
○ If X = 10, 0 = 0, 1 = 100
○ Y = 0 + 100*10 = 1000 spores
 for every lesion (unlikely)

 It is assumed, statistically, that ε
is a random variable

 Often, ε assumed to be normal, 
with mean 0 and constant
variance



ε can be different for 
each observation

Statistical model is a 
special case of 
mathematical model
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         Y = 0 + 1X + ε
 ε represents the effects of all the variables (factors) that 

affect Y other than X. 
 Statistical theory can (often) justify the assumption of 

normality (because many variables affect Y, in general).
 Sometimes (for some lesions), Y is going to be higher 

than 0 + 1X, and sometimes, Y is going to be less than 
0 + 1X.
○ But, on average, Y is going to equal 0 + 1X.
 This is a consequence of the 0 mean for ε

 Our consideration of the error term (ε) is 
anticipating the process of fitting models to data 
(e.g., regression analysis, etc.)
○ ε is estimated from the data
○ There is a lecture on Introduction to 

Regression (recorded -- please watch)

We will often (usually) write 
models without the error term, 
with the implicit assumption 
that ε is really there

We focus on the deterministic 
component of the model.

With regression (model fitting), the 
error term is key.
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             Y  =  0 + 1X + ε        
     

 In regular use of models like this (e.g., in prediction), the 
"error" is not used directly (but it indicates precision)
○ Thus, one is predicting the mean Y at a given X when one uses 

the equation without the ε
 The above model is for a straight line, on average.
 Many relations are not described by a straight line.
 A more general expression is:

○ Y =  g(X) + ε
○

 g(X) is notation for "some function of X".
□ This could be so-called curvilinear or truly nonlinear

○ This expression (with ε) emphasizes that a random 
component is in the model.
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A little more on model labels 

First, we showed: Y =  0 + 1X

Then we showed: Y =  0 + 1X + ε   

Known as a 
deterministic model, 
because Y is 
completely 
determined from X
(no randomness or 
variability of Y at a 
given X)Deterministic

component of 
the statistical
model

Stochastic
(or random)
component 
of the 
statistical 
model

Statistical model

Later in the course, after the next class, we will often only give the 
deterministic part of model, with the assumption that the stochastic 
part is there (but not shown for simplicity of expression)

A mathematical model
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            Y  =   0 + 1X  +  ε  

More refined definition of 
statistical model:
Model with stochastic components and 
deterministic (structural) components, 
containing unknown constants (i.e., parameters) 
to be estimated

Response or 
dependent 
variable 
(random 
variable)

Constants 
(= parameters), 
which are 
estimated from 
data

Predictor or 
independent 
variable

Error term (random 
variable)
With mean of 0. Often 
assumed to be normally 
distributed, all 
observations are 
independent, and 
variance of this variable is 
constant, σ2. 
ε ~ NID(0,σ2)

Stochastic

In regression analysis, one 
estimates the parameters 
and measures of their 
precision, as well as the 
goodness of fit of a model 
and the possible 
appropriateness of a model
(see later)
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Models:
○ Various classifications (see earlier slide):
 Mathematical model
□ Statistical model (special case of math.) 

 Deterministic versus stochastic, or
 Deterministic versus statistical (stochastic with 

parameters to be estimated from data)
 Statistical model has deterministic and 

stochastic components           
○ Classify models based on how they are developed        
□ Consider modeling/analysis strategies:
□ Two general strategies:

a) Descriptive, correlative, or empirical
b) Theoretical, mechanistic, or explanatory

○ See section 3.3 in Chapter 3 of MHV

   Epidem18_4 Page 14    



Most modeling for the purpose of 
determining whether a predictor 
variable (e.g. temperature, cultivar, 
time, treatment) significantly affects 
the response is of the empirical type.

(As an aside, note that ANOVA is 
really a special form of regression 
analysis. That is, t tests and 
ANOVA are empirical modeling 
exercises). 

Empirical modeling: 
Describe the data at hand, based on accepted 
statistical principles, without using previously 
developed theory or concepts for the relationship 
between the response and predictor variables

Empirical modeling--sequence of events:

 Obtain data (e.g., measure disease intensity and predictor 
variables) -- from survey or experiment(s)

 Describe the relationship using (simple) model (choice 
depends on objective)

 Evaluate the fit of the model (regression analysis results)
 Use other models if original choice is not reasonable

○ The other model could be a slight modification of first 
choice, or totally different

 If reasonable model is selected, use to:    
○ Predict, compare, evaluate significance, inference, and 

other uses… (depending on objective)
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Theoretical modeling:
Start with a concept or theory of the reality being described, not with 
data. Develop model based on the concept or theory, and then 
collect data (e.g., measure severity, predictor variables). Test the 
model by evaluating the appropriateness of model fit to the data, and 
using mathematical and statistical analysis of the properties of the 
model.

There are inter-connections between empirical 
and theoretical modeling.
○ The data collection and initial empirical 

modeling can be the basis for development of 
new concepts/theory.

○ When a theoretical model is developed, one 
must ultimately test it on data, using the 
principles of empirical modeling, to determine 
if the model is appropriate.
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 Ultimately, a theoretical model is considered superior to an 
empirical model.
○ The observed data points are bound to be at least 

somewhat inaccurate (measurement & sampling error), 
leading to possibly misleading empirical results in a single 
study 
 (e.g., inability to accurately measure disease, etc., and 

sampling error (discrepancy between population 'value' and 
sample value because not enough samples were taken)

○ If we truly (and fully) understand a phenomenon, we could 
specify a model (including parameter values) before data 
collected
 Compared to physics and chemistry, biology has few 

fully theoretical models.
□ Several models of genetics and/or population dynamics 

would qualify as theoretical (although some parameters 
still need estimation)

We will see and use several 
theoretical epidemiological 
models later in the course
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Theoretical (mechanistic, 
systems) versus empirical 
("data driven") models in 
the scientific news. 
Debate.

As stated in previous slides, 
there are not that many totally 
theoretical models in biology 
that are fully supported by the 
scientific community. But most 
consider this a worthy goal. 

Semi-empirical models 
offer a useful way forward 
in epidemiology.
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Some truisms:

○

 "Never accept (trust) a model until it 
has been validated with data"

 "Never trust (accept) your dataset until 
it has been validated by a model" ???
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 In practice, many researchers use both modeling 
approaches, depending on the study and objectives. 

 Intermediate modeling efforts, combining the best of 
empirical and theoretical modeling, are common in plant 
disease epidemiology and in population ecology/dynamics 
(and other biological fields).


○ For instance, the "family" of models of disease progress 

curves (population growth models) is determined based 
on theoretical considerations, but the specific model 
used, or the parameters of the model, may be 
determined by the observed data.

○ This approach is followed in the course.
○ Can be called semi-empirical modeling (Cousens, 

1985)
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Models:
○ Based on theoretical or conceptual considerations of 

the mechanisms of disease growth in populations (i.e., 
disease dynamics), nonlinear models are very often 
required.

○ Observed relationships often suggest nonlinear 
models.

○ A linear model does not necessarily mean a straight 
line (a difficult concept!)
 But a straight line can be considered the graphic 

expression of a linear model.
○ Linearity or nonlinearity has to do with a technical 

property of models, with regard to the way in which 
parameters (the constants) appear in the model. 
 Although, at first, not intuitive to biologists, the 

meaning of "linear model" and "nonlinear 
model" must be understood.
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Some relationships :
These are most appropriately 
described with nonlinear models 
(based on first principles), although 
some linear models can approximate 
these curves
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Linear model: Examples
(here, Greek letters are parameters [e.g., slope], Roman letters 
are variables) -- just consider here deterministic versions of 
models

Y = α + βX
Y = α + β√X
Y = α + βX + γX2

Y = α + βln(X)

                             
ln(•): natural log (log base e)

 Concept: A sum of terms, 
○ each term equal to parameter (constant) times a variable

 "Variable" can be original or transformation of a variable. 
 Note: α is the same as α times a variable called X0, where:

○     X0 = 1 for all observations
 More formal label for Linear Model: 

"Linear in the parameters"
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Nonlinear models: Examples

Y = αeβX

Y = αXβ

Y = α + ln(X+β)
Y = 1/(1+βe-γX)

                      e: 2.718 (base of natural log system)

Concept: cannot be written as a sum of terms, 
with each term equal to parameter times variable

Parameters appear as exponents, or within functions 
(transformation), or two or more parameters are multiplied 
together or divided by each other.

Technical definition: 
Model is linear ("linear in the parameters") if partial 
derivative with respect to each parameter involves only 
predictor variables

(Y = α + βX ;   Y/X);
Otherwise: nonlinear.

(Y = αeβX ;  YαXeβX)

                 Models:
Linear versus Nonlinear Models

   Epidem18_4 Page 27    

   Epidem18_4 Page 28    



Linear versus nonlinear model:
○ Matters a lot for parameter estimation (i.e., for fitting 

model to data).
○ Relatively straight-forward to fit linear models to data
 A unique solution exists for all data sets

○ Relatively more difficult to fit nonlinear models to data
 Fitting is an iterative process 
□ (i.e., "finding" the parameters that give the 

best fit based on a regression measure of fit 
(see later) --
some "trial and error" searching.

□ Known as optimization
○ Statistical properties of parameter estimates of 

nonlinear models are less well defined, especially 
with small data sets

○ Nevertheless, biological processes generally are
nonlinear
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Nonlinear models
Many nonlinear models can be transformed 
(using algebra) into a linear form.

Example:  
Y = αeβX

ln(Y) = ln(αeβX) = ln(α) + ln(eβX)

ln(Y) = ln(α) + βX

Y* = α* + βX

Intrinsically
    linear

(The algebra may be tricky, and extensive, 
and not obvious.)
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More than one way to look at a 
model:

Y =  0 + 1X
Take the derivative of Y with respect to 
X:

dY/dX = 1

Derivative formulation says that the change 
in Y with change in X is a constant equal to 

1 (the slope of the Y:X line). 

These are two equivalent ways of describing 
(depicting) the same relationship.
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Derivatives and integrals:

dY/dX is a rate, the change in Y with change in X. If X is time, 
then one is describing the rate of change over time -- of utmost 
importance in epidemiology!

The rate is the change in Y with unit (1) change in 
X; with this example, equal to slope (1)

Note: one can start with dY/dX and derive Y as a 
function of X, through integration

Note: we now return to using Y or y for 
disease intensity and t for time.
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Derivatives and integrals:

 With mathematical and statistical (stochastic) models, 
the rules of calculus (and algebra) apply.
○ Students in course do not need to know how to 

calculate derivatives or integrations
○ Soon we will introduce models as derivatives (because 

of first principles for population-dynamic processes)

 Reading:
○ See assignment at end of previous lecture notes
○ Also, read section 3.8 in detail

*Required*: Watch the regression 
analysis video, available at the 
website! (pre-recorded from 
previous year).
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