
Temporal analysis of epidemics (continued): 
          Disease progress over time 

Review:
○ How does an epidemic occur ? 
 Contact between 'inoculum' and disease-free host 

individuals (broad definition of 'inoculum')  
○ Classification:
 Source of the inoculum
□ Current epidemic versus previous/other epidemic
□ Polycyclic versus monocyclic epidemics
□ Secondary versus primary infections

○ Models
 Continuous time population-dynamic models (dy/dt) 

for disease intensity (y) as a continuous variable

NOW: Continue with basic models for disease progress
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Second model for an epidemic:     
Monomolecular model

 Goes back at least to Mitscherlich (1909) (but not for 
epidemics)

 Appropriate (in general) for monocyclic epidemics
 Very different from exponential model
 dy/dt is not proportional to y

○ Reason: any inoculum produced by infected 
individuals in the current epidemic does not lead to 
additional infections (in the current epidemic)

 But, dy/dt is proportional to disease-free 'intensity'
 Recall: here we are representing disease intensity on a 

proportion scale. 
○ Thus, disease-free (healthy) intensity or level is: 1-y

Y+H = M

    or

(Y/M)+(H/M)=1

or
   y + h = 1

So,
   h = 1-y
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Monomolecular model

 dy/dt = rM(1-y)   
 rM is the rate parameter (units of 1/time): "primary 

infection rate"
 More specifically, the parameter equals φx', the product 

of: 
○ the amount of inoculum (x' ) available (in some 

sense) for infection of disease-free plants (or other 
plant units [leaves, roots, etc.]), and

○ the probability per unit time (φ) that a unit of inoculum 
causes an infection (a rate)
 More specifically,φ is the number of new diseased 

individuals (or new disease) per unit of inoculum
per unit of time per healthy individual.

 A function of environment, host susceptibility, and 
inoculum 'efficiency' (function of pathogen 
aggressiveness)
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Monomolecular model

 dy/dt = rM(1-y) = rM - rMy
○

 Early in the epidemic, y is low (by definition)
○ Thus, 1-y ≈ 1 or rMy ≈ 0
○
○ Thus, dy/dt ≈ rM (a constant!)--simple interest accumulation of $
○

 Integration of general equation leads to the nonlinear model:

 As always, y0 is initial disease intensity (the constant of integration)
 Linearized to:


y* = ln[1/(1-y)] is known as: 

                              Multiple Infection Transformation

or   y* = y0* + rMt

All other things being 
equal, dy/dt slows down 
as y increases:

Running out of 
healthy plant 
individuals to infect!
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Plots:

Absolute rate (dy/dt) declines towards 0 because 
there is less and less disease-free individuals as y
increases (running out of healthy host tissue or 
healthy host plants)
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NOTE:  
At low y (y close to 0), 

simplifies to:
y ≈ y0 + rMt and, ln[1/(1-y)] ≈ y

Example: y = 0.02 (2%), ln[1/(1-0.02)] = 0.0202

But, big difference at higher y
y = 0.50 , ln[1/(1-0.50)] =  0.693
y = 0.95, ln[1/(1-0.95)]  =  2.996

One can perform various calculations (as with 
exponential) -- see later...

dy/dt = rM(1-y) 
        ≈ rM ,        when y is close to 0
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Third Model for an epidemic:
          Logistic Model

 Goes back to at least 1838 (Verhulst) (population growth)
 Known also as autocatalytic model (chemical reactions)
 Appropriate for polycyclic epidemics, in general
 Generalization of exponential
 Absolute rate of disease increase is proportional to both

○ y: 
(disease intensity); more disease means more inoculum, 
and more disease, and so on…; and

○ 1-y: 
('healthy'; h); more disease means fewer healthy plants 
(or less healthy plant tissue) available for infection, so 
rate of increase go down (towards 0): more and more of 
the 'inoculum' contacts diseased and not healthy plants

 dy/dt = rLy(1-y)            rL: rate parameter (1/time) 
                                                  ("secondary infection rate")
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Logistic model:  dy/dt = rLy(1-y)

Rate parameter(rL) is determined by: 
□ Production of 'inoculum' by infected individuals (inoculum per 

infected individual [lesion] or per unit area of diseased tissue),
 (relative 'infectiousness' of diseased individuals)

□ Probability of 'inoculum' reaching a disease-free host from an 
infected individual,

□ Probability of 'inoculum' in contact with disease-free host 
causing infection,

□ Time for newly infected individual to produce 'inoculum'
□ Time that an infected individual produces 'inoculum'

Same as with exponential ( dy/dt = rEy)
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Logistic model: dy/dt = rLy(1-y)

dy/dt reaches a maximum at the time when y = 0.5

Integration leads to: 

and many other formulations.

Note:
 y0 is the constant of integration and 

is the initial disease intensity (y at 
t=0)

 Two parameters in model

or:   
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Logistic model: dy/dt = rLy(1-y)

LOGIT: logit(•) = ln[•/(1 - •)] = y*

logit is negative at y<0.5, and positive 
at y>0.5. 

or   y* = y0* + rLt

y_ logit_
0.001 -6.90675
0.010 -4.59512
0.050 -2.94444
0.100 -2.19722
0.200 -1.38629
0.300 -0.84730
0.400 -0.40547
0.500 0.00000
0.600 0.40547
0.700 0.84730
0.800 1.38629
0.900 2.19722
0.950 2.94444
0.990 4.59512
0.999 6.90675

Nonlinear logistic model 
can be linearized
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Plots:

Maximum dy/dt at y = 0.5 (at the time when y=0.5).
Symmetric around y = 0.5.

logit(y(t2)) = logit(y(t1)) +  rL(t2-t1) 

   y*(t2)     =   y*(t1)   +  rL(t2-t1)
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Plots (three models):

At low y, exponential and logistic are very similar 
(i.e, you can use the simpler exponential model at 
low y even when the logistic is the best model)!
At high y (near 1), logistic and monomolecular are 
very similar!

The y*:t line will be straight; but the 
form of y* is different for every model
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Temporal analysis of epidemics (continued): 
          Disease progress over time

Review:
○ Models
 Continuous time population-dynamic models (dy/dt) 

for disease intensity (y) as a continuous variable (or a 
count with a wide range of values (close to 
continuous)

 Exponential
 Monomolecular
 Logistic

○ Graphs--very important for conceptualizing epidemics
 dy/dt, y, and y* versus t
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Model Comparison:

Model: dy/dt = y*:
Exponential rEy ln(y)
Monomolecular   rM(1-y)                     ln[1/(1-y)]
Logistic rLy(1-y) ln[y/(1-y)]

Recall: Epidemic occurs due to contact between 
inoculum and disease-free ('healthy') host

Where is disease-free in exponential?

Since this is early in epidemic, 1-y ≈ 1
dy/dt = rEy1

By using exponential for entire epidemic:
Assume disease-free does not change

(not realistic)
Note: think of absolute rate as: dy/dt = r*f(y)f(1-y)

Here, r* is a general term for the rate parameter.
f(•) is some function of y or 1-y

f(y) f(1-y)
y 1
1 (1-y)
y (1-y)

Many other 
models 
can/could be 
defined using 
different 
functions of y
and 1-y.
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Additional models: Gompertz model

 early 1800s, by Gompertz (growth in animal size)
 For polycyclic diseases (when used for population dynamics)

dy/dt = rGy[ln(1) - ln(y)]
 That is, the disease-free variable is: f(1-y) = ln(1) - ln(y) = -ln(y)
 Integration leads to:

 Which is linearized to:

 That is, y* = -ln(-ln(y))
○ Sometimes called the "gompit"

   Epidem18_7 Page 16    



Plots:

Maximum dy/dt occurs at the time when y=0.37 (=1/e = 1/2.718 ). 
Epidemic reaches highest dy/dt earlier than logistic --
considerable debate about the causes.
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Other models: e.g., Richards model
 Richards (1959) - animal growth

 Note: η (Greek "eta") is a unitless parameter, 
affecting the 'shape' of the curve.

○ f(1-y) = 1-yη-1

 The model includes all the other ones:
  η=   

○   2   logistic
○   1   Gompertz (actually, η→1 in the limit)
○   0   monomolecular
○ →∞  exponential (for entire epidemic)

 Thus, we have been considering a family of 
models for epidemics; specific form depends on 
f(1-y), with f(y) = y in all cases (except for Monomolecular)
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General or flexible models….
 Richards (1959) - animal growth

dy/dt = [rR/(η-1)]y(1 - yη-1)
 Must be careful in comparing parameters

○ A "large" rL is not same as "large" rM, etc.
 Richards models allows for direct comparisons, 

based on weighted mean absolute rate (:

Can use even when the shape parameter is just 
implied.
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Model: dy/dt =                     y*: f(y) f(1-y)
Exponential rEy                          ln(y) y 1
Monomolecular   rM(1-y)                   ln[1/(1-y)] 1 1-y
Logistic rLy(1-y)                  ln[y/(1-y)] y 1-y
Gompertz rGy[-ln(y)]              -ln[-ln(y)] y -ln(y)
Richards [rR/(η-1)]y(1 - yη-1)   see book y 1-yη-1

Some key disease progress models (synthesis)
dy/dt = r*f(y)f(1-y)

f(y): affects the increase in dy/dt (increase in inoclum 
with increasing disease intensity (polycyclic diseases)

f(1-y): affects the slowing down of dy/dt (loss of 
healthy plant individuals or healthy plant tissue)
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Although some investigators may want to be very 
precise and use the Richards model with estimated η
that gives the best fit to data (for predictions, 
comparisons, etc.), it is also valuable to use the 
estimated η to choose a simpler (inflexible) disease 
progress model for use 

Example: if estimated η is near 2, then just use 
logistic model

(Conversely, one can use the implied η based on the 
best inflexible model fit)

One main interpretation of η:
Relative dominance of factors affecting 
the increasing rate of disease increase 
(production and dispersal of inoculum 
with increasing y) versus the factors 
affecting the slowing rate of disease 
increase (loss of susceptible host tissue)
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 There are many other possible models of this type: 
dy/dt = r*f(y)f(1-y)

 Properties:
○ A rate parameter (r*)
○ A single random variable (y) modeled in terms of it's absolute 

rate of change with time (t): dy/dt
 y may be appear directly (y) or as 1-y, or both (or as a 

transformation or function [f(y), etc.])
○ After integration and some algebra, many of these models can 

be written as:
 y* = y0* + r*t

○ In some cases, this straight-line equation is linear in all the 
parameters ("intercept" usually involves transformation)

○ Exceptions: e.g., Richards, y* involves a parameter
With  η< 1, 

For background and much more: See the excellent article on properties of 
several general or flexible disease progress models: Hau & Kosman. 
Phytopathology 97: 1231-1244.

In general, there are more 
productive ways than the use 
of Ricards' η for
understanding the diversity of 
disease progress curves, 
based on the "components of 
disease" (to be covered soon). 
These approaches are 
based on more detailed 
population-biological 
mechanisms.
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Choosing a model
 Knowledge of the pathogen-host system is of value
 However, more than one model could be appropriate, 

especially for polycyclic diseases
 A combination of graphical and statistical methods are 

of great value
 Graphical

○ Plot of y versus t
 Good to separate monomolecular from others
 Difficult to separate the others without many data 

points (over full range of y)
○ Plot of dy/dt versus t

 Very sensitive for choosing among several of the 
models (especially monomolecular and others)

 Still, requires a wide range of y values (near 0 and 
at high levels)
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One does not observe dy/dt, so 
it must be estimated. 
One determines the observed 
change in y (∆y) with observed 
change in t (∆t)
Example (all with  ∆t =10):

t      y     ∆y     ∆y/∆t
0    0.01
10  0.05   0.04     0.004
20  0.15   0.10     0.010
30  0.40   0.25     0.025
40  0.70   0.30     0.030
50  0.86   0.16     0.016
60  0.93   0.07     0.007
70  0.98   0.05     0.005
80  0.99   0.01     0.001

Each calculated rate is between two 
points. 
So, what is used for the abscissa?

∆y: change in y
between two time 
points
∆t: change in t between 
t2 and t1
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One does not observe dy/dt, so 
it must be estimated. 
One determines the observed 
change in y (∆y) with observed 
change in t (∆t)
Example (with  ∆t =10):

t      y     ∆y      ∆y/∆t
0    0.01
10  0.05   0.04     0.004
20  0.15   0.10     0.010
30  0.40   0.25     0.025
40  0.70   0.30     0.030
50  0.86   0.16     0.016
60  0.93   0.07     0.007
70  0.98   0.05     0.005
80  0.99   0.01     0.001

When wants to link dy/dt with 
specific y values: Use mid-point of y
pairs for corresponding y at each 
dy/dt

Each calculated rate is between two 
points. So, what is used for the 
abscissa? 
-- Use mid-point of each time pair

(t = 5, 15, 25, …, 75)
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Choosing a model (continued)
 Graphical

○ Plot of y versus t
○ Plot of dy/dt versus t
○ Plot of y* versus t
 This involves several graphs

ln(y), ln[1/(1-y)], logit, gompit
 Find the one that gives the straightest line

 Statistical approach
○ Ordinary least squares regression

      Y = 0 + 1X + ε              generic linear model

y* = y0* + r*t + ε
○ A separate regression for each possible model
○ Consider R2, MSE, and residuals (e versus t)

 Consider:
Mono(0), 
Rich(1/2), 
Gomp(~1),

Rich(1.5), 
logistic(2), 
Rich(3)

[increasing η]
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Example plots: y vs t (disease progress curve), dy/dt vs t, and then the 
transformations for exponential, monomolecular, logistic, and Gompertz,..

80400

1.00

0.75

0.50

0.25

0.00

80400

0.03

0.02

0.01

0.00
80400

0

-1

-2

-3

-4

80400

4

3

2

1

0

80400

5.0

2.5

0.0

-2.5

-5.0
80400

4

2

0

y*t dy/dt*t~~ ln(y)*t

MIT*t logit*t gompit*t

Scatterplot of y vs t, dy/dt vs t~~, ln(y) vs t, MIT vs t, logit vs t,

   Epidem18_7 Page 31    

t

4

3

2

1

0

80400

6.0

4.5

3.0

1.5

0.0

4

2

0

80400

6

4

2

0

-2

5.0

2.5

0.0

-2.5

-5.0
80400

5

0

-5

-10

MIT Rich1/2 gompit

Rich1.5 logit Rich3

Scatterplot of MIT, Rich1/2, gompit, Rich1.5, logit, Rich3 vs t

Plots of transformed y vs t for six models: MIT (monomolecular: 
Richards with shape=0), Richards (1/2), Gompertz (Richards, -->1), 
Richards (1.5), logistic (Richards, 2), and Richards (3.0)
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MTB > let c3=loge(c2)
MTB > let c4=loge(1/(1-c2))
MTB > let c5=loge(c2/(1-c2))
MTB > let c6=-loge(-loge(c2))
MTB > let c7=loge(1/(1-(c2**(0.5))))
MTB > let c8=loge(1/(c2**(-2)-1))
MTB > let c9=loge(1/(c2**(-0.5)-1))
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Choosing a model (continued): Statistical 
approach--

Ordinary linear least squares regression

y* = y0* + r*t + ε

○ The best fit will correspond to the highest R2, smallest MSE 
(and the straightest line)
○ Residual plots are key
 One wants a random scatter for the residual plot

○ However, y* is different for each model. Thus, some 
caution is warranted. 

○ The statistics are not for agreement between y and y.
○ See example with Minitab and SAS output (later)
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Demonstration of use of inappropriate models for the example 
disease progress curve. Exponential and monomolecular

Sometimes there will be less than ideal residual plots for all tested models. 
One may need to use all criteria to choose "best" (knowing that residuals 
are not ideal). Or, one uses more complex models (discussed later).
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Choosing a model (continued):
Statistical approach 

○ Ordinary least squares regression (see above)
○ Nonlinear least squares
 Direct use of y as a function of t (and parameters)
 More difficult, of course.
 Use residuals for each given model fit
 Or: fit flexible Richards model
□ Even more difficult (statistically)
□ But, one can directly estimate η

 Based on estimated η, one could use the 
corresponding simpler nonflexible model

□ Not looking for straight line (but looking for a random 
residual plot)

 How to use graphical and statistical results?
○ Sometimes the investigator may want the best 

possible fit
 But this could mean a different η (i.e., different model) for 

each epidemic
 Often, satisfactory to use the single simpler 

model that adequately fits all of the disease 
progress curves of interest.
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Model fitting
 Once an appropriate model is chosen, one estimates 

parameters, and associated statistics (standard errors, etc.)
○ The parameter estimates (and other statistics) may already 

be available, if model fitting (linear or nonlinear) was used to 
choose an appropriate model (residuals, shape parameter…)

 Note: With linear regression (and sometimes with 
nonlinear regression), intercept parameter is transformed
disease intensity at t = 0 (not y at t = 0). 
○ Example: estimate of ln(y0) for exponential model
○ Moreover, predicted values at each time are of y*, not y.
○ Although convenient for analysis and calculations, 

ultimately one may be interested in predicted y.
○ One uses backtransformation (detransformation, 

inverse function) to obtain estimated y0 and predicted 
y values.
 Example: for exponential model, y0 = exp(y0*)
 Backtransformations are just reverses of the 

original transformation
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Backtransformations (starting with y*, a transformation of y):

Or: use tables of 
transformations

No need to memorize these 
(tables provided, or formulae 
given)
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   y          exp.     mono.   logistic    Gomp.    Ric(1/2)   Ric(3)
0.0001 -9.21034 0.00010 -9.21024 -2.22033 0.01005 -18.4207
0.0002 -8.51719 0.00020 -8.51699 -2.14209 0.01424 -17.0344
0.0003 -8.11173 0.00030 -8.11143 -2.09331 0.01747 -16.2235
0.0004 -7.82405 0.00040 -7.82365 -2.05720 0.02020 -15.6481
0.0005 -7.60090 0.00050 -7.60040 -2.02827 0.02261 -15.2018
0.0006 -7.41858 0.00060 -7.41798 -2.00399 0.02480 -14.8372
0.0007 -7.26443 0.00070 -7.26373 -1.98299 0.02681 -14.5289
0.0008 -7.13090 0.00080 -7.13010 -1.96444 0.02869 -14.2618
0.0009 -7.01312 0.00090 -7.01222 -1.94778 0.03046 -14.0262
0.0010 -6.90776 0.00100 -6.90675 -1.93264 0.03213 -13.8155
0.0020 -6.21461 0.00200 -6.21261 -1.82690 0.04575 -12.4292
0.0030 -5.80914 0.00300 -5.80614 -1.75943 0.05633 -11.6183
0.0040 -5.52146 0.00401 -5.51745 -1.70864 0.06533 -11.0429
0.0050 -5.29832 0.00501 -5.29330 -1.66739 0.07334 -10.5966
0.0060 -5.11600 0.00602 -5.10998 -1.63237 0.08062 -10.2320
0.0070 -4.96185 0.00702 -4.95482 -1.60178 0.08737 -9.9236
0.0080 -4.82831 0.00803 -4.82028 -1.57450 0.09370 -9.6566
0.0090 -4.71053 0.00904 -4.70149 -1.54980 0.09967 -9.4210
0.0100 -4.60517 0.01005 -4.59512 -1.52718 0.10536 -9.2102
0.0110 -4.50986 0.01106 -4.49880 -1.50627 0.11080 -9.0196
0.0120 -4.42285 0.01207 -4.41078 -1.48678 0.11602 -8.8456
0.0130 -4.34281 0.01309 -4.32972 -1.46852 0.12106 -8.6854
0.0140 -4.26870 0.01410 -4.25460 -1.45131 0.12593 -8.5372
0.0150 -4.19971 0.01511 -4.18459 -1.43501 0.13065 -8.3992
0.0160 -4.13517 0.01613 -4.11904 -1.41953 0.13524 -8.2701
0.0170 -4.07454 0.01715 -4.05740 -1.40476 0.13970 -8.1488
0.0180 -4.01738 0.01816 -3.99922 -1.39063 0.14406 -8.0344
0.0190 -3.96332 0.01918 -3.94413 -1.37708 0.14831 -7.9263
0.0200 -3.91202 0.02020 -3.89182 -1.36405 0.15248 -7.8236
0.0210 -3.86323 0.02122 -3.84201 -1.35150 0.15655 -7.7260
0.0220 -3.81671 0.02225 -3.79447 -1.33939 0.16055 -7.6329
0.0230 -3.77226 0.02327 -3.74899 -1.32767 0.16447 -7.5440
0.0240 -3.72970 0.02429 -3.70541 -1.31633 0.16832 -7.4588
0.0250 -3.68888 0.02532 -3.66356 -1.30532 0.17211 -7.3771
0.0260 -3.64966 0.02634 -3.62331 -1.29463 0.17584 -7.2986
0.0270 -3.61192 0.02737 -3.58455 -1.28424 0.17951 -7.2231
0.0280 -3.57555 0.02840 -3.54715 -1.27412 0.18312 -7.1503
0.0290 -3.54046 0.02943 -3.51103 -1.26426 0.18668 -7.0801
0.0300 -3.50656 0.03046 -3.47610 -1.25463 0.19020 -7.0122

Portion of a table of transformations 
(see website [under Homework] for 
several tables). You should download 
the tables and print!

Use to find y* quickly for a given y 
(depending on the model), or to find 
y from a given y*. 
For instance, if y* = -5.1 for logistic, 
then this means that y  0.006.

See supplemental video 
for a worked example
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Temporal analysis of epidemics (continued): 
          Disease progress over time

 Choosing an appropriate 
model
○ Graphs
○ Statistical analysis 

(regression)
 Estimating parameters

 Calculations with disease 
progress curves (moving 
along a straight line…)

 y at some other time
○ y from y* (backtransformation)

 r* from y at two (or more) times
○ With multiple times, one can 

use regression analysis

 See supplemental video on calculations 
(course website) -- required viewing!
○ Expansion from earlier calculations with 

exponential
 Now: confidence intervals and statistical 

tests
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 Estimates of parameters generally are not the same for linear or 
nonlinear least squares regression (different assumptions 
regarding residuals -- see Chapter 4)
○ Every method can give (slightly) different results (depends on 

assumptions)
 One can determine confidence intervals for estimates of 

parameters.
○ One determines the confidence interval for r* directly with 

linear regression, or with nonlinear regression (if model is 
written in terms of r* (e.g., rL)

○ For the intercept of linear regression analysis, or for many 
ways of writing the initial disease intensity in nonlinear 
models, one determines the confidence interval directly for 
y0*, not for y0. 

○ To get the confidence interval for y0, backtransform the 
limits of the interval for y0*
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Linear fit

Note: agreement is between 
observed logit and predicted 
logit, not between y and 
predicted y.
Parameter estimates may not 
be the same between linear 
and nonlinear fit

t: Student t statistic, 
with N-2 degrees of 
freedodm (df), at 5% 
Significance level 
(95%
Confidence level):
t=2.3 here.

Slope results

More specifically, one 
uses the 97.5th 
percentile of the Student 
t distribution for a (2-
sided) 95% confidence 
interval, corresponding 
to a 5% significance 
level.
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Intercept results
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More on model fitting:
 Considerable amount of model checking (model diagnostics, model 

'criticism') can be performed, based on the residuals, in the style of 
empirical modeling, to evaluate:
○ Is the 'correct' (reasonable, appropriate) model being used?
 Never know the true model (all models are approximations)
 Already considered methods for selecting model

○ Are the statistical assumptions met (even if the right model)? 
Especially important:
 Normality of errors
 Independence of errors ****
 Constant variance of errors **** (weighting)

○ See Chapter 4 for details 
 Here we won't pursue these refinements.
 Essentially, adjustments can be made in

model fitting, if needed.
Often studentized (standardized) residuals are displayed 
(generally good)
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Assignment: 
Previously assigned--

Read pages 63-84 of MHV (sections 4.1 to 
4.5 of Chapter 4)

Now:
Read in 4.6 of MHV: sections 4.6.1 through 
4.6.3
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SAS: nonlinear logistic fit

data a;
input t  y ;
logit = log(y/(1-y)); mono=log(1/(1-y));

datalines;
0 0.01
10 0.05
20 0.15
30 0.40
40 0.70
50 0.86
60 0.93
70 0.98
80 0.99
;
proc reg data=a; title 'Logistic, linear form';

model logit = t;
proc nlin data=a plots=all; title 'Logistic, nonlinear form';

parameters y0star=-5 r=0.10 ;
model y = 1/(1 + exp(-(y0star + r*t)));

run;

                     

Not covered in class (not required)

^For background (not required)^
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                                            Sum of        Mean               Approx 
          Source                    DF     Squares      Square    F Value    Pr > F 

          Regression                 2      4.2182      2.1091    7938.12    <.0001 
          Residual                   7     0.00186    0.000266 
          Uncorrected Total          9      4.2201 

          Corrected Total            8      1.3640 

                                           Logistic      
    
                                      The NLIN Procedure 

                                               Approx 
                 Parameter      Estimate    Std Error    Approximate 95% Confidence Limits 

                 y0star          -4.0026       0.1600     -4.3810     -3.6242 
                 r                0.1191      0.00458      0.1082      0.1299 

Nonlinear fit--logistic

Agreement between  y
and predicted y.

Parameter estimates (for logistic here) will not be the same for 
linear and nonlinear least squares (see chapter 4 for details)

^For background (not required)^
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proc nlin data=a plots=all; title 'Richards';
parameters B=99 r=0.10 eta=2;
model y = (1 + B*exp(-r*t))**(1/(1-eta));

run;

Richards 10:45 Wednesday, January 23, 2008   5

The NLIN Procedure

Approx
Parameter Estimate Std Error Approximate 95% 

Confidence Limits

B 12.3808 6.6109 -3.7955 28.5570
r 0.1007 0.00595 0.0862 0.1153
eta 1.5251 0.1462 1.1673 1.8829

Estimated eta () is between that of Gompertz 
(1) and logistic (2). Could use actual Richards 
from this fit, or settle on one of the simpler 
ones based on these results.

^For background (not required)^
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