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Figure 4.2: The Kaplan-Meier estimates for survivorship (with 95% confidence inter-
vals) for the 25◦C, medium humidity data as a function of ordinal days. Also shown
are the survival curve fittings of the Weibull distribution and exponential distribution.

function determined the probability of beginning to reproduce.

The Weibull distribution was better than or equal to the exponential distribution

for the “failure to reproduce” curves (Table 4.5), therefore the Weibull distribution

was used in both the OD and DD models. Shown are two of the figures (Figures 4.4

and 4.5) for the proportion of not reproducing as a function of time. The curves for

the other temperatures and humidities are similar and are not shown.

Figure 4.6 shows the first order maternity functions for the 25◦C, low humidity
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Figure 4.3: The Kaplan-Meier estimates for survivorship (with 95% confidence inter-
vals) for medium humidity data as a function of degree days. Also shown are the
survival curve fittings of the Weibull distribution and exponential distribution.

data. Figure 4.7 shows the first order maternity functions for the degree day, low

humidity data.

4.2.2 Model and Empirical Results

Figures 4.8 and 4.9 show the model predictions incorporating demographic stochas-

ticity for the transient growth rates along with the experimentally observed growth

rates for the low humidity, 25◦C data and for the medium humidity, 20◦C data re-
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Figure 4.4: The Kaplan-Meier estimates for proportion not reproducing (with 95%
confidence intervals) for the 20◦C, medium humidity data as a function of ordinal
days from the day the aphids first began to reproduce. The shift is the day when
the first aphid began to reproduce. Also shown are the curve fittings for both the
Exponential and Weibull distributions.
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Figure 4.5: The Kaplan-Meier estimates for proportion not reproducing (with 95%
confidence intervals) for the medium humidity data as a function of degree days from
the day the aphids first began to reproduce. Also shown are both the curve fittings
for the exponential and Weibull distribution.
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Table 4.6: Weibull Distribution Parameter Values for Probability of Failing to Re-
produce Function

Temp Humidity ρ κ

20◦C Low 0.233935 .596591
20◦C Medium 0.259200 0.762856
25◦C Low 0.550418 0.710482
25◦C Medium 0.134205 0.874164

Degree Days Low 0.025445 0.674449
Degree Days Medium 0.008127 1.060526

Figure 4.6: The generalized linear model (with 95% confidence intervals) fitting of
the maternity function to the 25◦C, low humidity data. Circle represent data points
with the radius of the circle proportional to number of data points.
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Figure 4.7: The generalized linear model (with 95% confidence intervals) fitting of
the maternity function to the degree day, low humidity data. Circle represent data
points with the radius of the circle proportional to number of data points.

spectively. One can see that the model predictions for the low humidity, 25◦C data

fit the empirical data rather well, but that the medium humidity, 20◦C data does not,

due mainly to the difference of when the onset of reproduction began.

In the clip cages, the earliest onset of reproduction at the lower cages occurred

when the aphids were 11.5 days old. From the count data of the population dynamics

experiment and as can be seen in Figure 4.9, it is obvious that the first born offsprings

in the large cages started reproducing at least 2 days earlier. Since the degree day

model uses both temperature data to estimate the lower threshold, it does show an

earlier mean onset of reproduction, by about one day, for the medium humidity, 20◦C
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Figure 4.8: Comparison of the observed transient growth rates with the model pre-
dictions for the 25◦C low humidity data. The circles are the observed population
means with their 95% means. The top graph shows the model prediction using the
ordinal day model. The mean prediction is the solid line with the dotted lines being
its 95% confidence interval. The bottom graph shows the model prediction using the
degree day model. Again, the mean prediction is the solid line with the dotted lines
being its 95% confidence interval.
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Table 4.7: Maternity Function, where T and LT are the desired temperature and
computed lower threshold respectively, see (1.24).

Temp Humidity Maternity Function

20◦C Low exp(1.508526− 0.139891t)
20◦C Medium exp(1.605473− 0.088002t)
25◦C Low exp(1.774711− 0.147828t)
25◦C Medium exp(1.68710− 0.17067t)

Degree Days Low
exp(−1.0351707− 0.00927430t+ ln(T − LT ))

T − LT

Degree Days Medium
exp(−1.0960596− 0.0074586t+ ln(T − LT ))

T − LT

data as also seen in Figure 4.9. Not shown are the actual population counts. The

model predictions for population count for the 25◦C, low humidity data was consistent

with the empirical observations, while the model predictions for the population count

in the 20◦C, medium humidity data were much lower than the observed counts.

There are a number of possible reasons for this discrepancy between the model

prediction and observation at 20◦C. The aphids used in this experiment came from a

colony reared for the past two years on broad bean (Vicia faba) plants in a high tem-

perature (≥ 25◦C) room. Thus the aphids were acclimated to the higher temperature

and to a different food source, which might have negatively affected aphid perfor-

mance (references). This imposed stress in combination with feeding alone might

have caused a delay in aphid development in the clip cages. It has been shown that

it is advantageous for some aphid species to feed in groups, rather than as individu-

als [32, 123], though other studies have not seen this effect [54, 94]. Perhaps in pea

aphids an Allee effect is only measurable under stressful conditions. Additionally,

the clip cages prevented the aphids from moving to the younger, newer leaves at the
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Figure 4.9: Comparison of the observed transient growth rates with the model pre-
dictions for the 20◦C medium humidity data. The circles are the observed population
means with their 95% means. The mean prediction is the solid line with the dotted
lines being its 95% confidence interval. The bottom graph shows the model prediction
using the degree day model. Again, the mean prediction is the solid line with the
dotted lines being its 95% confidence interval.
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top of the alfalfa plant as they did in the larger cages (personal observations). In

the case of sycamore aphids, [20] showed that aphids feeding on older, mature leaves

develop slower than those feeding on unfurling leaves. The clip cages did not impact

vital rates estimates if aphids were reared at higher temperature, as there was a very

good match between model prediction an observation (Figure 4.8). Therefore, I will

assume the discrepancy between the model predictions and empirical observations in

the 20◦C, medium humidity model case is due to the stress caused by performing the

experiment at an temperature cooler than what the aphids were acclimated too.

Since the aphids began reproducing at least two days earlier in the large cages for

the low temperature regime, I shifted the growth rate curve (Figure 4.9) to the left

by two days by subtracting two days from the day the aphids in the clip cages began

to reproduce and recalculating the parameters for the Weibull distribution for the

“failure to reproduce” curve (ρ = 0.259200, κ = 0.762856). Then I ran the ordinal

day model again with the results shown in the top graph of Figure 4.10. The predicted

population count is still lower than the empirical data, but the model predictions for

the transient growth rate now match the empirical data much better. This model

was therefore used for the remainder of this dissertation.

I did not make any changes to the 25◦C, medium humidity data, since there is a

good match between predictions and observations at this temperature regime.

Using this correction I calculated the transient amplification for both temperatures

at medium humidity. The transient amplification, TA(t) as given in (1.20), is the ratio

of the actual population size at time t to what the population would be if it started at

its stable state distribution. Thus the greater the difference between the lines in Figure

4.11, the greater the transient amplification. I assume that the initial population size

and the norm of the population at its stable state distribution are both equal to 1.

Notice the y-axis is on a logarithmic scale. The transient amplification changes with
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Figure 4.10: Comparison of the observed transient growth rates with the model pre-
dictions for the 20◦C medium humidity data incorporating a two day shift in the
onset of reproduction. The circles are the observed population means with their 95%
means. The mean prediction is the solid line with the dotted lines being its 95%
confidence interval.
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Table 4.8: Asymptotic Rates*

Temp - Humidity Asymptotic λ Asymptotic λ Asymptotic λ
Mean lower 95% CI Mean Mean upper 95% CI

20◦C − Medium 1.1818 1.2402 1.3019
25◦C − Medium 1.1610 1.2333 1.3171

Temp - Humidity Asymptotic TA Asymptotic TA Asymptotic TA
Mean lower 95% CI Mean Mean upper 95% CI

20◦C − Medium 1.5071 4.7809 8.1413
25◦C − Medium 1.7088 4.8479 9.4451

*Stochastic OD model. Mean is calculated from day 100 to day 197.

time, but stabilizes after 50 time steps. Shown is TA(10) = 29.96/8.64 = 3.47.

Table 4.8 gives the asymptotic growth rate and asymptotic transient amplification

for the two temperatures. While both values are similar, the higher temperature result

does have a greater confidence interval.

Figure 4.12 shows the transient amplification for both the 20◦C and 25◦C, medium

humidity stochastic, ordinal day models. Notice as t→∞, the transient amplification

stabilizes to a constant. For days less than 30, which temperature has the greater

the transient amplification depends on the particular day. On some days (e.g. day

20), the 20◦C model has a greater transient amplification. On other days (e.g. day

12), the 25◦C model has greater transient amplification. The mean average peaks of

the transient amplification for the two temperatures are the same; they just occur

on different days. These general results, i.e. the same asymptotic transient growth

rate, the same mean average peaks for transient amplification occurring on different

days) are also common to the low humidity, ordinal day model and for the degree day

model at both humidities (not shown). For the degree day model, the asymptotic

transient amplification will always be the same, not matter what two temperatures
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Figure 4.11: The top curve is the population trajectory assuming a single invading
aphid just beginning to reproduce. The bottom curve is the population size assuming
the initial population is at its stable state distribution, normalized to 1. Notice the
y-axis is on a logarithmic scale. The transient amplification at time t is the ratio of
the two population counts at time t.
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Figure 4.12: The transient amplification for the medium humidity, stochastic, ordinal
day model. The lighter weight lines are the 95% confidence intervals.

are compared as the following theorem shows.

Theorem 4.2.1. Let n(t̃) be the population as a function of degree days. Then the

asymptotic transient amplification for any temperature is the same.

Proof: Let t̃0 be a time (in degree days) such that the asymptotic dynamics
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is reached. Hence I assume the aphids are reproducing exponentially and that the

transient amplification at this time is constant. Let T1 and T2 be any two arbitrary

temperatures and let LT be the lower threshold of the degree day model. Let t̃1 and

t̃2 be the degree days after one ordinal day has elapsed at temperatures T1 and T2

respectively. Thus t̃1 = t̃0 + (T1 − LT ) and t̃2 = t̃0 + (T2 − LT ) by (1.24). Without

loss of generality, assume t̃1 < t̃2.

Next, let t01 = (T1 − LT )t̃0 and t02 = (T2 − LT )t̃0 be the time (in ordinal days) of

t̃0. Let t11 and t22 be the time (in ordinal days) of t̃1 and t̃2 respectively. Thus

‖n(t̃0)‖ = ‖n(t01)‖ = ‖n(t02)‖, (4.14)

‖n(t̃1)‖ = ‖n(t11)‖, (4.15)

‖n(t̃2)‖ = ‖n(t22)‖, and (4.16)

t02 = t01
(T1 − LT )

(T2 − LT )
. (4.17)

Let λ1, λ2 be the asymptotic population growth rates at temperatures T1 and T2

respectively. From above and from (1.19),

λ1 =
‖n(t̃1)‖
‖n(t̃0)‖

and λ2 =
‖n(t̃2)‖
‖n(t̃0)‖

. (4.18)

Let r1 and r2 be the intrinsic rate of increase (measured in days−1) at temperatures

T1 and T2. Thus λ1 = er1 and λ2 = er2 (see [108] p. 59). Noting that the conversion

from degree days to days at temperature T1 is (T1 − LT )−1, then

‖n(t̃2)‖
‖n(t̃0)‖

= e
r1

(t̃2−t̃0)
T1−LT , (4.19)

= e
r1
(
T2−LT
T1−LT

)
. (4.20)
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Letting s =
T2 − LT
T1 − LT

, then from above,

λ2 = λs1, (4.21)

and

λt022 = (λs1)
t01

(T1−LT )

(T2−LT ) , by 4.17, (4.22)

= λt011 . (4.23)

Let TA1 and TA2 be the asymptotic transient amplification at T1 and T2 respec-

tively. Then

TA1

TA2

=

(
‖n(t̃1)‖
λt01+1

1

)(
λt02+1

2

‖n(t̃2)‖

)
, (4.24)

=

(
λ1‖n(t̃0)‖
λt01+1

1

)(
λt02+1

2

λ2‖n(t̃0)‖

)
, (4.25)

=
λt022

λt011

, (4.26)

=
λt011

λt011

, by (4.22), (4.27)

= 1. (4.28)

Therefore TA1 = TA2. 2

4.3 Discussion

As far as I know this study is the first study on the effect of humidity on the vital

rates of aphids. I find that low humidity significantly reduces developmental time,

decreases survival and reduces fecundity (at the lower temperature) of A. pisum
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(Table 4.2). This negative effect is enhanced by increased desiccation probability

at low humidity conditions: A. pisum drops off plants as a response to predator

attack and if humidity is low aphids are more likely to die before they return to the

plant [107]. Previous aphid studies on the effect of temperature on fecundity and

survivorship were conducted under higher humidity conditions (e.g. [12]: 50 − 70%

r.h., [57]: 70−100% r.h., and [112] at 70−75% r.h.) than our study (26−38% r.h. and

40− 52% r.h.). Despite the higher humidity during the experimental conditions the

juvenile period in the clip cages at 20◦C was at least 4 days longer than reported in

the literature ([12] 9 days, 8.5 days [57] and [112]). In contrast, aphids not constrained

to clip cages (i.e., those in the large cage experiments) started reproducing 2-3 days

earlier at 20◦C than in the clip cages, which is consistent with that reported in the

literature (considering the lower humidity). Therefore, in the 20◦C model I shifted

the onset of reproduction by two days.

As mentioned in the results section, this later onset of reproduction in the clip cage

experiments could be due to an Allee effect caused by aphids aggregating together.

Dixon and Wratten [32] showed that black bean aphids (Aphis fabae Scop.) feeding

in groups were larger than those feeding alone and that larger apterae (non-winged)

aphids not only have a greater fecundity, but they also have a shorter (one day) delay

time between when the aphids molt to the adult stage and when they actually begin

to reproduce. Other studies have not seen this Allee effect [54, 94]. Additionally, [20]

showed that sycamore aphids (Drepanosiphum platanoidis) feeding on older, mature

leaves developed slower than those feeding on unfurling (younger) leaves. Since the

clip cages prevented the aphids from aggregating and from moving to choice feeding

sites, a prolonged period of development for aphids raised in the clip cages is not

unfeasible.

In general, the mean total fecundity of aphids in this experiment (30-44 aphids,
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Table 4.2) was only half of that reported in the literature ([12] 93 offsprings at 20◦C,

and 90 offsprings at 26◦C). In contrast, the total lifetime offspring production in

this study increased with decreasing temperature under medium humidity conditions,

which is consistent with the literature; both [6] and [12] found that the fecundity of

pea aphids was highest at 15◦C. The overall low fecundity of these experiments in

this study could be partially explained by lower host plant quality (the fecundity of

pea aphids depends on plant species and plant cultivar [6, 43, 90, 97]), and to the

low humidity rearing conditions. This suggests that it is rather challenging to make

quantitative prediction of aphid population dynamics, however qualitative predictions

should hold (e.g. fecundity decreases with increasing temperature).

For the higher temperature the predicted and observed population trajectory

match perfectly, and after adjusting the parameter for the first day of reproduction

for the lower temperature, the model’s predicted and observed population trajectories

match also. Therefore, I believe that these models can be used to examine the effect

of temperature on transient and asymptotic population growth rate. Contrary to our

expectations and the literature [12, 112] the asymptotic population growth rates at

both temperatures are similar because, everything else equal, a quicker development

increases population growth rate. In this study the time of development between

the two temperature regimes differed only by one day. The positive effect of this

small difference was counteracted through a reduced fecundity and survival at the

higher temperature. Since the asymptotic population growth rates were similar at

both temperatures, the transient amplifications should be similar as well [117]. Fu-

ture experiments testing the effect of temperature on transient population dynamics

should also include much lower temperature ranges resulting in a range of asymptotic

population growth rates.

Transient amplification following an invasion by a single aphid exhibits damped
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oscillations: the declining phase is characterized by a declining fecundity of adults

and by a large number of juvenile aphids; the increasing phase is characterized by the

next generation reaching the reproductive stage. Once the stable state distribution

is reached (after about 50 days), the transient amplification stabilizes to a constant.

This agrees with the general results derived in [65] who showed that for any single

species matrix model, the transient amplification stabilizes to a constant.

The 95% confidence intervals for the transient amplification are large and indi-

cate the range of possible transient amplifications that one might observe in real

populations. Additionally, the upper bounds take much longer the longer to reach

an asymptotic level (day 100, data not shown) compared to lower bounds (day 50,

Figure 4.12). The lower bound of the confidence interval is always greater 1 except at

the first minimum. Therefore the ordinal day model suggests that ignoring transient

dynamics in the early phase after a dispersal event of A. pisum always results in an

underestimation of population size.

The prediction of the degree day model is similar to the ordinal day model in that

the transient amplification in the first days following an invasion follows a damped

oscillatory pattern. As shown in the results, for any two temperatures, the asymp-

totic transient amplification will always be equal. For example, model runs from

15◦C and 25◦C still result in the temperatures having the same asymptotic transient

amplification (data not shown). As with the ordinal day model, the lower bound of

the confidence interval is always greater than 1. The degree day model does rely on

the assumption that the conversion of survivorship and fecundity from “per day” to

“per degree day” is linear. While a linear relationship between temperature and the

inverse of time to development (see equation (1.23)) exists, it is unknown whether

higher temperatures decrease survivorship and increase the rate of offspring produced

in the same linear fashion. Therefore, it has not been tested whether this model is
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justified.

My model applies to population dynamics that are not affected by density depen-

dent processes, such as during the initial phase of population establishments following

a dispersal event. In this study aphid populations take 50 time steps to reach the

asymptotic growth rate, at which time the population size increased to about 25, 000

individuals; in the field, density dependence would have started to affect aphid pop-

ulations at much lower density. Under crowded conditions or poor host plant quality

aphids increasingly produce winged morphs (alatae) that migrate to better habitats.

In the field the populations of many aphid species crash two to three generations

after the initial colonization (20 - 30 days), which is mostly due to mass migration

[31]. This study suggests that aphid populations crash long before they reach the

asymptotic population growth rate and thus studying transient dynamics is more

relevant.

Studying transient dynamics is important because it influences the probability

of population establishment. If the crash occurs as a result of poor plant quality

(ripening plants) or because plants get harvested, the transient population growth

rate determines the peak aphid population density, which in turn influences the yield

reduction caused by aphids [45, 73]. Studies have been done to predict when it is

necessary to apply insecticides (see e.g. [79, 99]). In particular, [79] estimates the

economic threshold level. This is the pest density at which action should be taken

(e.g. application of insecticide) to prevent an increasing pest population from causing

economic injury to the crop, i.e. when the cost of controlling the aphids balances the

lose of income due to smaller yields caused by the infestation [58]. These estimates

rely on predicting aphid population growth rates because of the time lag between the

application and the harvest. The transient amplification gives an indication of the

magnification of the aphid population when comparing a population beginning at its
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stable state distribution verses a population beginning with a different distribution

such as reproducing adults. A beginning population consisting of only reproducing

adults will result in a greater population than a population (with the same number

of individuals) at its stable state distribution. This in turn, gives an upper bound on

the population size and hence can help determine a bound on the amount of injury

caused by the aphids on a field crop.
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Appendix A

Chapter 2 Computer Programs

A.1 Program 1

% studyearKM.m

% this takes the cheetah data from studbook and calculates

% Kaplan-Meiercurve (i.e. draws Figure 1)

clear;

cheetahdata = dlmread(’studbook2004.txt’,’\t’);

ncheetah=size(cheetahdata) ;

% ncheetah(1) = number of cheetahs in database

% initialize

possibleages=transpose(linspace(1.5,30,58));

% possible ages are 18 months - 30 years

nageclass = length(possibleages);

nalive=zeros(nageclass,1) ;

% number alive at the beginning of each age class

ndied=zeros(nageclass, 1);

% number who died in that ageclass

flag=0; % assume dead

newdata=[];

% now do all the cheetahs

for ii=1:ncheetah(1); % for every cheetah

flag=0 ; % assume dead

if cheetahdata(ii,5)~=0 % so the cheetah is dead

yalive = cheetahdata(ii,5)-cheetahdata(ii,3);

else
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yalive=2004 - cheetahdata(ii,3)+1; % cheetah is alive

flag=1;

end

if yalive == 0 % died same year

malive = cheetahdata(ii,4)-cheetahdata(ii,2);

% # of months alive at beginning of month

else

malive = 12-cheetahdata(ii,2) ;

% number of months alive at beginning of month in first year

malive= malive+cheetahdata(ii,4) ;

% plus number of months alive at beginning of month in last year

malive= malive + 12*(yalive-1);

% plus number of months alive inbetween

if cheetahdata(ii,5)==0 malive=malive+1; end

% because lived through that last month

end

newdata=[newdata ; ii malive flag cheetahdata(ii,3)];

end

% now calculate Kaplan Meier curve

nalive=zeros(360,1) ;

% number of cheetahs alive at beginning of month

ndied=zeros(360,1) ;

% number of cheetahs who died during that month

nc=size(newdata);

ncheetahs=0;

for jj=1:nc(1)% number of cheetahs in studbook

if newdata(jj,3)==0 % choose only those cheetahs that died

ncheetahs=ncheetahs+1;

nmonths=newdata(jj,2)+1 ;

% number of months cheetah is alive at beginning of month

if nmonths <=360 % use only cheetahs less than 30 years old

nalive(1:nmonths)=nalive(1:nmonths)+1;% add to total alive

ndied(nmonths)=ndied(nmonths)+1 ;

% number of cheetahs that died during that month

end

end

end

% using "Analysis of Survival Data" by D.R. Cox and D. Oakes
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% now to remove age classes where there are no deaths

r=[ncheetahs];

d=[0];

age=[0];

for kk=1:length(nalive)

if nalive(kk)~= 0 %don’t do anything if no one is still alive

% % this prevents us also from dividing by zero

r=[r nalive(kk)];

d=[d ndied(kk)];

age=[age kk/12] ; % convert months to years

end

end

% now calculate product-limit estimator

lengthr=length(r)-1; % so we don’t divide by zero

KM=zeros(lengthr,1);

KM(1)=1-d(1)/r(1);

varKM=zeros(lengthr,1);

varsum=zeros(lengthr,1);

confl=zeros(lengthr,1); % lower 95% confidence

confu=zeros(lengthr,1); % upper 95% confidence

cinterval=zeros(lengthr,1); % 95% confidence

for kk=2:lengthr-1

KM(kk)=KM(kk-1)*(1-d(kk)/r(kk));

varsum(kk)=d(kk)/(r(kk)*(r(kk)-d(kk)));

varKM(kk)=KM(kk)^2 *sum(varsum(1:kk));

confl(kk)=KM(kk)-1.96*sqrt(varKM(kk));

confu(kk)=KM(kk)+1.96*sqrt(varKM(kk));

cinterval(kk)=1.96*sqrt(varKM(kk));

end

% now plot Kaplan-Meier curve

plot(age(1:lengthr),KM,’k’,’LineWidth’,3);

hold on

xlabel(’Age (in years)’,’FontSize’,16)

ylabel(’Cumulative Survivorship’,’FontSize’,16)

axis([0 25 0 1]);

h=findobj;

set(h(3),’FontSize’,14,’FontWeight’,’bold’);

set(h(3),’XTick’,[0 4 8 12 16 20 24]);
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%plot(age,confl,’k:’,’LineWidth’,2.5)

%plot(age,confu,’k:’,’LineWidth’,2.5)

% calculate survivorships

% 0-6 month

alive=nalive(1,1);

died=sum(ndied(1:6));

%these died before moving to next age class

surv06=(alive-died)/alive % 6 - month survivorship

% 6-12, 12-18 month

alive=nalive(7,1);

died=sum(ndied(7:18));

%these died before moving to next age class

surv618=(alive-died)/alive ; % 12 - month survivorship

surv618=surv618^(1/2)

% 18-42

alive=nalive(19,1);

died=sum(ndied(19:42));

%these died before moving to next age class

surv1842=(alive-died)/alive ;

surv1842=surv1842^(1/4) % split into 4 age classes

% 42-102

alive=nalive(43,1);

died=sum(ndied(43:102));

%these died before moving to next age class

surv42102=(alive-died)/alive ;

surv42102=surv42102^(1/10) % split into 10 age classes

% 102-156

alive=nalive(103,1);

died=sum(ndied(103:162));

%these died before moving to next age class

surv102162=(alive-died)/alive ;

surv102162=surv102162^(1/10) % split into 9 age classes

% now overlay plot of Kaplan-Meier curve

% surv is survivorship with cheetahs older
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% than 42 months having 42-102 survivorship

% surv2 is survivorship with 42-102, 102-162,

% and cheetahs older than 168

% months having same survivorship as those 102-162

age=zeros(61,1); % there are 60 - 6 month age classes

surv=zeros(61,1); % cummulative survivorship

age(1)=0; % everybody is alive at birth

surv(1)=1;

age(2)=.5 ;

surv(2)=surv06;

age(3)=1 ;

surv(3)=surv(2)*surv618;

age(4)=1.5 ;

surv(4)=surv(3)*surv618;

for jj=5:8

surv(jj)=surv(jj-1)*surv1842;

age(jj)=(jj-1)*6/12;

end

surv3(1:8)=surv(1:8);

for jj=9:18

surv(jj)=surv(jj-1)*surv42102;

surv3(jj)=surv3(jj-1)*.9258; % this is our average

age(jj)=(jj-1)*6/12;

end

surv2(1:18)=surv(1:18) ;

% these are the same until month 102

for jj=19:61

surv(jj)=surv(jj-1)*surv42102 ;%surv102;

surv2(jj)=surv2(jj-1)*surv102162;

surv3(jj)=surv3(jj-1)*.9258;

age(jj)=(jj-1)*6/12;

end

hold on

plot(age, surv,’k--’,’Linewidth’,3)

plot(age, surv2,’ko’,’Linewidth’,2.5)
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A.2 Program 2

% p1f2 (Chapter 2, figure 2)

% calcuates perturbations in adult survivorship for

% senescence matrix, sets

% s4 at biological limit, allows s2 to vary and determines s3

% necessary for lambda=1

% two cases: fecundity of 12-18 years is biological limit

% and fecundity of 12-18 years is = 0

clear

global sw0 sw1 sw2 sw3

global s2 s3 s4 f1 f2 f3;

syms sp3 Delta P

syms p2

getinitialvalues %

p3start = -.02 ; %

p3finish= 1 - s3;

lp3=100; % length of p2

p3=linspace(p3start,p3finish,lp3);

% part 1: biological limit for fecundity of 12-18 years old cheetah

smat=36; % size of matrix

A=matrixA(smat);

D=zeros(smat,14);

D(1,2:4)=f1*ones(1,3);

D(1,5:14)=f2*ones(1,10);

for nn=1:14

D(nn+4,nn)=1;

end

E=zeros(14,smat);

for nn=1:14

E(nn,nn+3)=1;

end

% Here is Delta

for jj=1:14

for nn=1:14

Delta(nn,jj)=0;

end

end
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for nn=1:4;

Delta(nn,nn)=p2;

end

for nn=5:14

Delta(nn,nn)=sp3;

end

% check does P=D*Delta*E ?

for jj=1:smat

for nn=1:smat

P(nn,jj)=0;

end

end

P(5,4)=p2; P(6,5)=p2; P(7,6)=p2; P(8,7)=p2;

P(1,5)=f1*p2 ; P(1,6)=f1*p2; P(1,7)=f1*p2;

for jj=8:17

P(1,jj)=sp3*f2;

P(jj+1,jj)=sp3;

end

% check

% P-D*Delta*E

p3b=[];

p2b=[];

G = E*inv(eye(smat)-A)*D;

G1T=G(:,1:4);

G2=G;

G2(:,1:4)=zeros(14,4);

for ii=1:lp3;

HP= eye(14)-p3(ii)*G2 ;

H=inv(HP)*G1T ; % so H is a 14 x 4 matrix

p2poss=eigs(H(1:4,:));

p2poss=1./p2poss;

flag=0;

for kk=1:length(p2poss) % we’re looking for admissible p3

if p2poss(kk)==real(p2poss(kk)) ;

% only want real perturbations
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if p2poss(kk) > -s2 ;

% minimum survivorship is 0 - but can’t be =0

% since not primitive

if p2poss(kk) <= 1-s2 % maximum survivorship is 1

if flag ==1

disp(’more than one admissible eigenvalue’)

end

flag=1;

p2c=p2poss(kk); % this perturbation is admissible

end

end

end

end

if flag == 1 % so there is an admissible perturbation

p2b=[p2b p2c];

p3b=[p3b p3(ii)];

end

end

% now check lambdamax

lp2b=length(p2b);

P2=zeros(smat,smat);

for ii=1:lp2b;

P2(5,4)=p2b(ii); P2(6,5)=p2b(ii);

P2(7,6)=p2b(ii); P2(8,7)=p2b(ii);

P2(1,5)=f1*p2b(ii) ; P2(1,6)=f1*p2b(ii); P2(1,7)=f1*p2b(ii);

for jj=8:17

P2(1,jj)=p3b(ii)*f2;

P2(jj+1,jj)=p3b(ii);

end

evalue=eig(A+P2);

imax=find(evalue==max(evalue));

lambdamax=evalue(imax)

end

disp(’Check to make sure eigenv = 1’)

% now plot

p2t=p2b+ones(1,lp2b)*s2;

p3t=p3b+ones(1,lp2b)*s3;
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plot(p2t,p3t,’k’,’LineWidth’,3)

hold on

%***********************************************

% part 2 fecundity of 12-18 years old cheetah is = 0

clear P

syms P

smat=24; % size of matrix

A=matrixA0(smat);

D=zeros(smat,14);

D(1,2:4)=f1*ones(1,3);

D(1,5:14)=f2*ones(1,10);

for nn=1:14

D(nn+4,nn)=1;

end

E=zeros(14,smat);

for nn=1:14

E(nn,nn+3)=1;

end

% Here is Delta

for jj=1:14

for nn=1:14

Delta(nn,jj)=0;

end

end

for nn=1:4;

Delta(nn,nn)=p2;

end

for nn=5:14

Delta(nn,nn)=sp3;

end

% check does P=D*Delta*E ?

for jj=1:smat

for nn=1:smat

P(nn,jj)=0;

end

end
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P(5,4)=p2; P(6,5)=p2; P(7,6)=p2; P(8,7)=p2;

P(1,5)=f1*p2 ; P(1,6)=f1*p2; P(1,7)=f1*p2;

for jj=8:17

P(1,jj)=sp3*f2;

P(jj+1,jj)=sp3;

end

% check

% P-D*Delta*E

p3b0=[];

p2b0=[];

G = E*inv(eye(smat)-A)*D;

G1T=G(:,1:4);

G2=G;

G2(:,1:4)=zeros(14,4);

for ii=1:lp3;

HP= eye(14)-p3(ii)*G2 ;

H=inv(HP)*G1T ; % so H is a 14 x 4 matrix

p2poss=eigs(H(1:4,:));

p2poss=1./p2poss;

flag=0;

% now find the one which is an admissible perturbation

for kk=1:length(p2poss) % we’re looking for admissible p3

if p2poss(kk)==real(p2poss(kk)) ;

% only want real perturbations

if p2poss(kk) > -s2 ;

% minimum survivorship is 0 - but can’t be =0

% since not primitive

if p2poss(kk) <= 1-s2 % maximum survivorship is 1

if flag ==1

disp(’more than one admissible eigenvalue’)

end

flag=1;

p2c=p2poss(kk); % this perturbation is admissible

end

end

end
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end

if flag == 1 % so there is an admissible perturbation

p2b0=[p2b0 p2c];

p3b0=[p3b0 p3(ii)];

end

end

% now check lambdamax

lp2b0=length(p2b0);

P2=zeros(smat,smat);

for ii=1:lp2b0;

P2(5,4)=p2b0(ii); P2(6,5)=p2b0(ii);

P2(7,6)=p2b0(ii); P2(8,7)=p2b0(ii);

P2(1,5)=f1*p2b0(ii) ; P2(1,6)=f1*p2b0(ii);

P2(1,7)=f1*p2b0(ii);

for jj=8:17

P2(1,jj)=p3b0(ii)*f2;

P2(jj+1,jj)=p3b0(ii);

end

evalue=eig(A+P2);

imax=find(evalue==max(evalue));

lambdamax=evalue(imax)

end

disp(’Check to make sure eigenv = 1’)

% now plot

p2t0=p2b0+ones(1,lp2b0)*s2;

p3t0=p3b0+ones(1,lp2b0)*s3;

plot(p2t0,p3t0,’k’,’LineWidth’,3)

ylabel(’Survival 42-102 months, s_3*’,’FontSize’,16)

xlabel(’Survival 18-42 months,s_2*’,’FontSize’,16)

xstart=.86;

xfinish=1.0;

ystart=.86;

yfinish=1.0;

axis([xstart xfinish ystart yfinish])

h=findobj;
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set(h(3),’FontSize’,14,’FontWeight’,’bold’);

set(h(3),’YTick’,[.86 .88 .90 .92 .94 .96 .98 1.0]);

set(h(3),’XTick’,[.86 .88 .90 .92 .94 .96 .98 1.0]);

%

text(.9,.975,’f_3=1.4994’,’FontSize’,16,’FontWeight’,’bold’);

text(.982,.98,’f_3=0’,’FontSize’,16,’FontWeight’,’bold’);

% now draw dotted lines showing perturbed to that of

% captive cheetahs

x1=linspace(xstart,xfinish,lp2b0);

y1=0.9567*ones(1,lp2b0);

plot(x1,y1,’k-.’,’LineWidth’,3);

x1=0.9685*ones(1,lp2b0);

y1=linspace(ystart,yfinish,lp2b0);

plot(x1,y1,’k-.’,’LineWidth’,3);

plot(sw2,sw3,’p’, ’MarkerEdgeColor’,’k’,’MarkerFaceColor’,’k’,...

’MarkerSize’,14) % original values for f1 and f2

text(.92+.004,.88,’A’,’FontSize’,16,’FontWeight’,’bold’);

A.3 Program 3

% p1f3 (Chapter 2, figure 3)

% calcuates robustness due perturbations in

% fecundity in senescence matrix

% sets s2, s3 and s4 at biological limit

%

clear

global sw0 sw1 sw2 sw3

global s2 s3 s4 f1 f2 f3

syms fsym P detAP

smat=36; % size of matrix A

eyemat=eye(smat);

getinitialvalues

%**********************************************

% Case 1 f3=0

% nominal value is point A on graph

smat=24; % size of matrix A

eyemat=eye(smat);
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A=matrixA0(smat);

% OK, now we are going to perturb

% fecundity f2 and solve for f1

pf2start=-.4; %

pf2finish= .4; %

lpf2=50; % length of f2

pf2=linspace(pf2start,pf2finish,lpf2);

pf2b=[];

pf1b=[];

for jj=1:smat

for nn=1:smat

P(nn,jj)=0;

end

end

for jj=1:lpf2

flag=0;

for kk=5:7

P(1,kk)=s2*fsym;

end

for kk=8:17

P(1,kk)=s3*pf2(jj);

end

for kk=18:24

P(1,kk)=s4*pf2(jj);

end

detAP=det(eyemat-(A+P));

f1poss=eval(solve(detAP));

for kk=1:length(f1poss) % we’re looking for admissible f1

if f1poss(kk)==real(f1poss(kk)) ;

% only want real perturbations

if flag ==1

disp(’more than one admissible eigenvalue’)

end

flag=1;

pf1c=f1poss(kk); % this perturbation is admissible

end

end
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if flag == 1 % i.e. there was an admissible solution

pf1b=[pf1b pf1c];

pf2b=[pf2b pf2(jj)];

end

end

% check, is this lambda max?

lpf2b=length(pf2b);

P2=zeros(smat,smat);

for jj=1:lpf2b;

for kk=5:7

P2(1,kk)=pf1b(jj)*s2 ;

end

for kk=8:17

P2(1,kk)=pf2b(jj)*s3;

end

for kk=18:24

P2(1,kk)=s4*pf2b(jj);

end

evalue=eig(A+P2);

imax=find(evalue==max(evalue));

lambdamax=evalue(imax)

end

disp(’Check to make sure eigenv = 1’)

figure

pf2t=pf2b+ones(1,lpf2b)*f2;

pf1t=pf1b+ones(1,lpf2b)*f1;

plot(pf1t,pf2t,’k’,’LineWidth’,3) % This is line A

ylabel(’Fecundity of 42-144 months’)

xlabel(’Fecundity of 18-42 months’)

hold on

%************************************************

% Case 2 f3=f2

% nominal value is point A on graph

f3=f2;
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smat=36;

A=matrixA(smat);

eyemat=eye(smat);

pf2b=[];

pf1b=[];

for jj=1:smat

for nn=1:smat

P(nn,jj)=0;

end

end

for jj=1:lpf2

flag=0;

for kk=5:7

P(1,kk)=s2*fsym;

end

for kk=8:17

P(1,kk)=s3*pf2(jj);

end

for kk=18:24

P(1,kk)=s4*pf2(jj);

end

for kk=25:smat-1

P(1,kk)=s4*pf2(jj); % since f3=f2

end

detAP=det(eyemat-(A+P));

f1poss=eval(solve(detAP));

for kk=1:length(f1poss) % we’re looking for admissible f1

if f1poss(kk)==real(f1poss(kk)) ;

% only want real perturbations

if flag ==1

disp(’more than one admissible eigenvalue’)

end

flag=1;

pf1c=f1poss(kk); % this perturbation is admissible

end

end

if flag == 1 % i.e. there was an admissible solution

pf1b=[pf1b pf1c];

pf2b=[pf2b pf2(jj)];
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end

end

% check, is this lambda max?

lpf2b=length(pf2b);

P2=zeros(smat,smat);

for jj=1:lpf2b;

for kk=5:7

P2(1,kk)=pf1b(jj)*s2 ;

end

for kk=8:17

P2(1,kk)=pf2b(jj)*s3;

end

for kk=18:24

P2(1,kk)=s4*pf2b(jj);

end

for kk=25:smat-1

P2(1,kk)=s4*pf2b(jj); % since f3=f2

end

evalue=eig(A+P2);

imax=find(evalue==max(evalue));

lambdamax=evalue(imax)

end

disp(’Check to make sure eigenv = 1’)

pf2t=pf2b+ones(1,lpf2b)*f2;

pf1t=pf1b+ones(1,lpf2b)*f1;

plot(pf1t,pf2t,’k’,’LineWidth’,3) % This is the bottom line

xstart=1;

xfinish=2.5;

ystart=1;

yfinish=2.5;

axis([xstart xfinish ystart yfinish])

text(1.5,1.3,’f_3=1.4994’,’FontSize’,16,’FontWeight’,’bold’);

text(1.5,1.8,’f_3=0’,’FontSize’,16,’FontWeight’,’bold’);

plot(f1,f2,’p’, ’MarkerEdgeColor’,’k’,’MarkerFaceColor’,...

’k’, ’MarkerSize’,14)% original values for f1 and f2

text(f1-.07,f2-.04,’C’,’FontSize’,16,’FontWeight’,’bold’);
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A.4 Program 4

% p1f4 Chapter 2, figure 4

% calcuates perturbations in adult survivorship for senescence

% model sets p4 at biological limit. Sets fecundity at

% biological limit allows p2 and p3 to vary, calculates

% necessary p0 to achieve lambda=1

clear

global sw0 sw1 sw2 sw3

global s2 s3 s4 f1 f2 f3;

getinitialvalues

smat=36;

A=matrixA(smat);

eyemat=eye(smat);

% OK, now we are going to perturb adult survivorships p2 and p3

p2start=-.14; %

p2finish= 1-s2; % perturbations can’t be greater than 1

p3start= -.12 ;

p3finish=1-s3;

lp2=100;

lp3=100;

p2=linspace(p2start,p2finish,lp2);

p3=linspace(p3start,p3finish,lp3);

p2b=[];

p3b=[]

p0b=[];

for jj=1:smat

for nn=1:smat

P(nn,jj)=0; % initialize P

end

end

for nn=1:lp3

for jj=1:lp2

flag=0;

G = E*inv(eye(smat)-A)*D; % so G is a 15 by 15 matrix
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G1T=G(:,1);

G2=zeros(15,15);

G2(:,2:5)=G(:,2:5);

G3=zeros(15,15);

G3(:,6:15)=G(:,6:15);

HP=eye(15)-p2(jj)*G2-p3(nn)*G3 ;

H=inv(HP)*G1T ; % so H is a 15 x 1 vector

p0b(nn,jj)=1/H(1); %

end

end

% check, is this lambda max?

%lp2b=length(p2b);

%lp3b=length(p3b)’

P2=zeros(smat,smat);

for jj=1:lp2;

for nn=1:lp3;

P2(5,4)=p2(jj); P2(6,5)=p2(jj); P2(7,6)=p2(jj); P2(8,7)=p2(jj);

P2(1,5)=f1*p2(jj) ; P2(1,6)=f1*p2(jj); P2(1,7)=f1*p2(jj);

for kk=8:17

P2(1,kk)=p3(nn)*f2;

P2(kk+1,kk)=p3(nn);

end

P2(2,1)=p0b(nn,jj);

evalue=eig(A+P2);

imax=find(evalue==max(evalue));

lambdamax=evalue(imax);

if abs(lambdamax-1) > .00001 % check tolerance

lambdamax

end

end

end

disp(’Check to make sure eigenv = 1’)

figure

p2t=p2+ones(1,lp2)*s2;
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p3t=p3+ones(1,lp3)*s3;

p0t = p0b + ones(lp3,lp2)*sw0;

% adding the original survivorship to the perturbation

[cs,h]=contour(p2t,p3t,p0t,[.081 .1 .12 .14 .155 .18 .20] );

%clabel(cs,h,’fontsize’,16);

colormap(’gray’)

caxis([4 5]);

xlabel(’Survival of 18-42 month young adults, s_2*’)

ylabel(’Survival of 42-102 month adults, s_3*’)

axis([.87 1 .87 1])

h=findobj;

set(h(3),’FontSize’,14,’FontWeight’,’bold’);

%

hold on

% now draw dotted lines showing perturbed to

% that of captive cheetahs

xstart=.8;

xfinish=1;

x1=linspace(xstart,xfinish,lp2);

y1=s3*ones(1,lp2);

plot(x1,y1,’k-.’,’LineWidth’,3);

x1=s2*ones(1,lp2);

y1=linspace(xstart,xfinish,lp2);

plot(x1,y1,’k-.’,’LineWidth’,3);

plot(sw2,sw3,’p’, ’MarkerEdgeColor’,’k’,’MarkerFaceColor’,’k’);

text(sw2+.004,sw3,’A’,’FontSize’,16,’FontWeight’,’bold’);

A.5 Common Subroutines

function getinitialvalues

% This sets the initial values

global sw0 sw1 sw2 sw3

global s2 s3 s4 f1 f2 f3 ;

sw0 = .081 ; % survival of juvenile wild cubs age 0-6 month

sw1 = .771 ; % survival of juvenile wild cubs age 6-12 month

% and 12-18 month

sw2 = .92; % survival of wild 18-24, 24-30, 30-36,

% and 36-42 month

sw3 = .879; % survival of wild adults age 42+
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s2 = .9685; % biological limit for wild young adults

% (18-42 months)

s3 = .9567; % biological limit for wild mid age adults

% (42-102 months)

s4 = .8980; % biological limit for wild very old adults

% (102+ months)

f1 = 1.75*(365/256)*(1/2) ; % from Crooks’ paper -

%fecundity of 24-42 age classes

f2 = 1.75*(365/213)*(1/2) ; % from Crooks’ paper -

%fecundity of 42 - 144 age classes

f3 = f2; %fecundity of 144-216 month age classes (12-18 years)

% we’ll perturb this

function A=matrixA(smat)

% matrixA

% This calculates matrix A for all pictures for paper #1

% smat is size of square matrix Z

global sw0 sw1 sw2 sw3

global s2 s3 s4 f1 f2 f3;

A=zeros(smat,smat) ;

% put in survivorships into matrix

A(2,1)=sw0;

A(3,2)=sw1; A(4,3)=sw1;

A(5,4)=s2; A(6,5)=s2; A(7,6)=s2; A(8,7)=s2;

A(1,5)=f1*s2 ; A(1,6)=f1*s2; A(1,7)=f1*s2;

for jj=8:17

A(1,jj)=s3*f2;

A(jj+1,jj)=s3;

end

for jj=18:24

A(1,jj)=s4*f2;

A(jj+1,jj)=s4;

end

for jj=25:smat-1

A(1,jj)=s4*f3;

A(jj+1,jj)=s4;

end

A(1,smat)=0;%s4*f3;

function A=matrixA0(smat)

% matrixA

% This calculates matrix A for all pictures for paper #1 using zero
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% fecundity if cheetah is over 12 years

% smat is size of square matrix Z

global sw0 sw1 sw2 sw3

global s2 s3 s4 f1 f2 f3

A=zeros(smat,smat) ;

% put in survivorships into matrix

A(2,1)=sw0;

A(3,2)=sw1; A(4,3)=sw1;

A(5,4)=s2; A(6,5)=s2; A(7,6)=s2; A(8,7)=s2;

A(1,5)=f1*s2 ; A(1,6)=f1*s2; A(1,7)=f1*s2;

for jj=8:17

A(1,jj)=s3*f2;

A(jj+1,jj)=s3;

end

for jj=18:smat-1

A(1,jj)=s4*f2;

A(jj+1,jj)=s4;

end

A(1,smat)=0;%s4*f3;
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Appendix B

Chapter 3 Computer Programs

B.1 Program 1

% figure 1 in chapter 2

clear all

global n nage nquality gammaq cutq phiy

% what lambda do we deisre?

lambda = [.7 .8 .9 1 1.1 1.2 1.3 ];

[pvec,L,U,pest,withq]=getinitialvalues;

% boundary points b and mesh points y

c=0:1:n ; % row vector

b = L+c*(U-L)/n;

y = 0.5*(b(1:n)+b(2:(n+1)));

kidsizemean=pvec(13);

kidsizevar=pvec(14);

phiy=normpdf(y,kidsizemean,sqrt(kidsizevar))/ ...

(1-normcdf(0,kidsizemean,sqrt(kidsizevar)));

phiy=transpose(phiy); %

%points for numerical integration of survival intercepts

cutq = linspace(-4*pvec(4),4*pvec(4),nquality);

%normalised to sum to 1

gammaq=normpdf(cutq,0,1)/sum(normpdf(cutq,0,1));

hold on

ploticon=[’k’,’:’,’--’];

p2start= -.02499; % thus p2 + pest > 0.0001 > 0

p2finish= .07;
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npoints=100;

p2=linspace(p2start, p2finish,npoints);

for kk=1:3 % lambda < 1

% now calculate triple integral

w=D(1, withq);

w=IminusA0inv(pvec,w,y,U,L,lambda(kk),withq);

gamma(kk)=E(pvec,w,pest,y,U,L,withq);

gamma(kk)=gamma(kk)/pest;

p1=zeros(1,npoints);

for jj=1:npoints

p1(jj)=log(lambda(kk)/((pest+p2(jj))*gamma(kk)));

end

plot(p1+pvec(11),p2+pest, ’:’)

end

kk=4; % lambda =1

% now calculate triple integral

w=D(1, withq);

w=IminusA0inv(pvec,w,y,U,L,lambda(kk),withq);

gamma(kk)=E(pvec,w,pest,y,U,L,withq);

gamma(kk)=gamma(kk)/pest;

p1=zeros(1,npoints);

for jj=1:npoints

p1(jj)=log(lambda(kk)/((pest+p2(jj))*gamma(kk)));

end

plot(p1+pvec(11),p2+pest, ’k’)

for kk=5:7 % lambda >1

% now calculate triple integral

w=D(1, withq);

w=IminusA0inv(pvec,w,y,U,L,lambda(kk),withq);

gamma(kk)=E(pvec,w,pest,y,U,L,withq);

gamma(kk)=gamma(kk)/pest;

p1=zeros(1,npoints);

for jj=1:npoints

p1(jj)=log(lambda(kk)/((pest+p2(jj))*gamma(kk)));

end

plot(p1+pvec(11),p2+pest, ’-’)

end

xlabel(’Fecundity Intercept, p_1’,’FontSize’,16)
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ylabel(’Probability of seedling establishment, p_e’,’FontSize’,16)

axis([-16.27 -7.41 0 .06])

plot(-11.85,0.025,’d’)

B.2 Program 2

% plots figures 2 and 3 in chapter 3

clear

global n nage nquality gammaq cutq phiy

[pvec,L,U,pest,withq]=getinitialvalues;

kidsizemean=pvec(13);

kidsizevar=pvec(14);

lambda=1; % what lambda do we desire?

storepvec=pvec; % because change it later

p2start=-4.43 ;

% we’re perturbing fecundity intercept (nominal value = -11.84)

p2finish=4.43 ;

p3start= -.6 ;

% we’re perturbing fecundity slope (nominal value = 2.27)

p3finish= .6 ; %

npoints=50 ; % # of perturbations

p2=linspace(p2start, p2finish,npoints);

npointsp3=50 ; % # of perturbations

p3=linspace(p3start, p3finish,npointsp3);

p1=zeros(npoints, npointsp3);

YMIN = storepvec(11)-4.43; % limits on graph

YMAX = storepvec(11)+4.43;

XMIN = storepvec(12)-.60;

XMAX = storepvec(12)+.60;

ZMIN = 0;

ZMAX = 1;

% boundary points b and mesh points y

c=0:1:n ; % row vector

b = L+c*(U-L)/n;

y = 0.5*(b(1:n)+b(2:(n+1)));

if withq==0

pvec(4)=0 ;

end
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if nquality==1;

pvec(4)=0;

end

phiy=normpdf(y,kidsizemean,sqrt(kidsizevar))/ ...

(1-normcdf(0,kidsizemean,sqrt(kidsizevar)));

phiy=transpose(phiy); %

%points for numerical integration of survival intercepts

cutq = linspace(-4*pvec(4),4*pvec(4),nquality);

%normalised to sum to 1

gammaq=normpdf(cutq,0,1)/sum(normpdf(cutq,0,1));

ww=D(1, withq);

% now calculate triple integral (*)

for jj=1:npoints

w=IminusA0inv(storepvec,ww,y,U,L,lambda,withq);

for kk=1:npointsp3

pvec(12)=storepvec(12)+p3(kk);

gamma(kk)=E(pvec,w,pest,y,U,L,withq);

p1(jj,kk)=pest*((lambda/gamma(kk))*exp(-p2(jj))-1);

end

end

xx=p3+storepvec(12);

yy=p2+storepvec(11);

zz=p1+pest;

mesh(xx,yy,zz)

hold on

colormap(’gray’)

zlabel(’Probability of seedling establishment, p_e’);

ylabel(’Fecundity Intercept, p_1’);

xlabel(’Fecundity Slope, p_2’);

% now plot nominal values

plot3(2.27,-11.84,0.025,’kd’)

AXIS([XMIN XMAX YMIN YMAX ZMIN ZMAX])

%

figure

[X, Y]=meshgrid(xx,yy);

contour(X,Y,zz,’LineWidth’,3,’LineColor’,[0 0 0],...

’LevelList’,[0.01 0.03 0.1 0.3 0.6 1]);

colormap(’gray’)



116

xlabel(’Fecundity Slope, p_2’);

ylabel(’Fecundity Intercept, p_1’);

hold on

plot(2.27,-11.84,’kd’)

B.3 Common Subroutines

function [pvec,L,U,pest,withq]=getinitialvalues

% getinitialvalues

% this gets the initial values needed for all of my matlab files

global n nage nquality gammaq cutq phiy

n=50;

nage=8;

nquality=1;

% Rounded parameter vector,

% see Table 1 in Ellner and Rees for more details.

pvec=[-1.42 1.08 -1.09 0.82 -24.01 2.91 .84 3.24 .56 ...

42.47 -11.84 2.27 1.06 3.37 -0.71/2];

L=0;% minimum (0.9*minimum size from data)

U=9.24; % maximum sizes (1.1*maximum size from data)

%probability of seedling establishment

pest=0.025 ;

withq=0 ; % if we’re using quality, otherwise =0 if not

function Aw = IminusA0inv(params,w,y,U,L,lambda,withq);

global n nage nquality gammaq cutq phiy

% computes (I-A_0/lambda)^{-1}w

% note - A0 is a nilpotent operator,

% thus we need to only carry out the

% summation to the nage^{th} term

Aw=w;

P=getmatrixP(params,y,U,L,withq);

if withq==1

v=zeros(n,nage,nquality) ;% ;

for iter=1:nage-1 % since A0 is nilpotent

v=A0withq(params,w,y,U,L,P);

w=v;

Aw=Aw+w/lambda^(iter);

% i.e. (I + A_0 /lambda + (A_0)^2/lambda + ...)w

end

else
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v=zeros(n,nage) ;% ;

for iter=1:nage-1 % since A0 is nilpotent

v=A0noq(params,w,y,U,L,P);

w=v;

Aw=Aw+w/lambda^(iter);

% i.e. (I + A_0 /lambda + (A_0)^2/lambda + ...)w

end

end

function w=D(alpha,withq);

% alpha := scalar

% w := element in the Banach space

% withq =1 if adding quality

global n nage nquality gammaq cutq phiy

if withq==1 % with quality

w=zeros(n,nage,nquality);

% distribute into sizes

SizeN=phiy*alpha;

% distribute into quality classes and into the first age class

for interb=1:nquality

w(:,1,interb)=w(:,1,interb)+gammaq(interb)*SizeN;

end

else

w=zeros(n,nage);

% now distribute into sizes

w(:,1)=phiy*alpha; % distribute into size classes and

% into the first age class

end

function nbirths=E(params,Nt,pest,y,U,L,withq);

% calculates the number of new births by population distribution Nt

% alpha := scalar

% Nt := element of the Banach space

global n nage nquality gammaq cutq phiy

storepvec=params;

if withq==1

B=zeros(n,nage,nquality); % fecundity

%Create matrix B, looping over quality class

% (survival intercept) and age

for inter = 1:nquality
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for age = 1:nage

% # Calculate survival intercept for this quality class

params(1) = storepvec(1)+cutq(inter);

% # Calculate survival and birth matrices for

% each quality (intercept) age combination.

for xi=1:n

B(xi,age,inter)=fxyt(y(xi),age,params,pest); %

end

end

end

B=(U-L)*B/n; % this gives B(x);

% now evaluate triple integral

nbirths = 0; % total number of new births

for interp=1:nquality

for agep=1:nage

% number of births per size and quality

nbirths= nbirths + transpose(B(:,agep,interp))*Nt(:,agep,interp)

end

end

else % no quality

B=zeros(n,nage); % fecundity

%Create matrix B, looping over age

for age = 1:nage

for xi=1:n

B(xi,age)=fxyt(y(xi),age,params,pest); %

end

end

B=(U-L)*B/n; % this gives B(x);

% now evaluate double integral

nbirths = 0; % total number of new births

for agep=1:nage

% number of births per size

nbirths= nbirths + transpose(B(:,agep))*Nt(:,agep);

end

end

function P=getmatrixP(params,y,U,L,withq);

% calculates matrix P which is used to estimate A0
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global n nage nquality gammaq cutq phiy

if withq==1

P=zeros(n,n,nage,nquality); % survival growth

oldpvec=params;

%Create matrix P, looping over quality class

% (survival intercept) and age

for inter = 1:nquality

params(1) = oldpvec(1)+cutq(inter);

for age = 1:nage

for xi=1:n

for yi=1:n

P(yi,xi,age,inter)=pxyt(y(yi),y(xi),age,params);

end

end

end

end

P=(U-L)*P/n; % this gives P(y,x) ;

else % no quality

P=zeros(n,n,nage); % survival growth

%Create matrix P, looping over age

for age = 1:nage

for xi=1:n

for yi=1:n

P(yi,xi,age)=pxyt(y(yi),y(xi),age,params); %

end

end

end

P=(U-L)*P/n; % this gives P(y,x) ;

end

function w=A0noq(params,Nt,y,U,L,P);

% calculates survial and growth by population distribution Nt

% Nt := original element of the Banach space

% w := new element of Banach space

global n nage nquality gammaq cutq phiy

w=zeros(n,nage);

for age=2:nage

w(:,age)=P(:,:,age-1)*Nt(:,age-1);

end
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function w=A0withq(params,Nt,y,U,L,P);

% calculates survial and growth by population distribution Nt

% Nt := original element of the Banach space

% w := new element of Banach space

global n nage nquality gammaq cutq phiy

w=zeros(n,nage,nquality);

for inter=1:nquality

for age=2:nage

w(:,age,inter)=P(:,:,age-1,inter)*Nt(:,age-1,inter);

end

end
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Appendix C

Chapter 4 Computer Programs

C.1 Program 1

# MCday.R

# this file chooses bootstrapped parameters

# for model as a function of ordinal days

rm(list=ls())

library(survival)

changerep=0

for (datarun in 3:3){

if(datarun==1){

fecfile <- "DevFec68degreesm2.csv"

outfile="MCday68LH.csv"

shift=10.5

}

if(datarun==2){

fecfile <- "DevFec76degreesm2.csv"

outfile="MCDay76LH.csv"

shift=7.5

}

if(datarun==3){

changerep=3 # = 0 don’t shift 20 C reproduction

# = 1 yes shift 20 C reproduction by one day

# = 2 change possibility of beginning to reproduce to 8.5 days

# = 3 yes shift 20 C reproduction by two days

fecfile <- "DevFec68highhumiditym2.csv"

outfile="MCday68HH.csv"

shift=11.5

if(changerep==1){

outfile="MCday68HHwithshiftv3.csv"
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shift=10.5

}

if(changerep==2){

outfile="MCday68HHwithshift.csv"

shift=8.5

}

if(changerep==3){

outfile="MCday68HHwithshiftv4p2.csv"

shift=9.5

}

}

if(datarun==4){

fecfile <- "DevFec76highhumiditym2.csv"

outfile="MCday76HH.csv"

shift=7.5

}

# initialize array to print to file

# nc = number of parameters to find

# np = number of points

nc=8

np=9000

MC<-array(NA,dim=c(np,nc))

# column #1, wrho<= location(lambda) for survivorship

# column #2, wkappa <= scale(kappa) for survivorship

# column #3, rrho <= rho for first day of reproduction

# column #4, rkappa <= kappa for first day of reproduction

# column #5, shift <= shift for first day of reproduction

# column #6, c1 <= x^0 term:

# fecundity as function of days from onset of reproduction

# column #7, c2 <= x^1 term:

# fecundity as function of days from onset of reproduction

# column #8, set =0

######################################

# survtoday

# converts data file into format for survival analysis

#

survtoday=function(aphid){
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# make matrix for input into survfitdays

#% csurv = column 1 = # days for this aphid since birth

#% ysurv = column 2 = # of offspring since birth

# (i.e. its still alive)

#% asurv = column 3 = aphid #

csurv=0; # initialize - I’ll remove the zeros later

ysurv=0;

asurv=0;

#%

len=length(aphid);

aphid=as.matrix(aphid)

for(ii in 1:len) { # % for each aphid

yesalive=0; # initialize - I’ll remove the zero later

# find index of negative entry

daydied=which(aphid[,ii]<0)

daydied=as.numeric(daydied)

if (aphid[daydied,ii] == -2) { # died on day giving birth

yesalive=aphid[1:daydied-1,ii] ;# since died on previous day

}

if (aphid[daydied,ii] == -1) {# so died day after giving birth

yesalive=aphid[1:daydied,ii];

yesalive[daydied]=0; # get rid of that negative

}

aphidnum=ii*rep(1,length(yesalive));

lyesalive=length(yesalive); # initialize

cumday=seq(1,lyesalive);

cumday=cumday-1

# now assume only survived half the day

cumday[lyesalive]=cumday[lyesalive]-.5

csurv=c(csurv,cumday) # cumulative days

ysurv=c(ysurv,yesalive) # yes its alive on those days

asurv=c(asurv,aphidnum) # aphid number

}

# get rid of those leading zeros

csurv=csurv[-1]

ysurv=ysurv[-1]

asurv=asurv[-1]

survdata=data.frame(csurv,ysurv,asurv)
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return(survdata)

}

#####################################################

#####################################################

fectoday= function(aphid){

# cfecday = column 1 = # days for this offspring since

# first day of reproduction

# offspring = column 2 = # of offspring

cfecday=0; # initialize - I’ll remove the zeros at the end

offspring=0 ; # initialize - I’ll remove the zeros at the end

len=length(aphid);

aphid=as.matrix(aphid)

for( ii in 1:len) { # % for each aphid

firstrep=which(aphid[,ii]>0) # % finds positive entries

# % doesn’t reproduce - then = NA

firstrep=as.numeric(firstrep)

daydied=which(aphid[,ii]<0)

daydied=as.numeric(daydied)

lenfirstrep=length(firstrep)

noffspring=0;

# number of days in reproductive period

days=daydied-firstrep[1]

if ( lenfirstrep > 0 ){ # so it reproduced

cumdays=seq(1,days,1)

cumdays=cumdays-1 # assume born on day 0

# this next line is because I assume that when

# the aphid begins to reproduce,

# the first data point is only for a 1/2 day

if(lenfirstrep >1){

cumdays[2:length(cumdays)]=cumdays[2:length(cumdays)]-1/2

}

# pick off reproducing days

noffspring=as.numeric(aphid[firstrep[1]:(daydied-1),ii]);

# note - the first data point is for one-half day, thus

# the rate fecundity/day is actually twice the observed

# offspring, so

noffspring[1]=noffspring[1]*2

cfecday=c(cfecday,cumdays)

offspring=c(offspring,noffspring)
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}}

cfecday=cfecday[-1] # get rid of those leading zeros

offspring=offspring[-1]

ab=data.frame(cfecday,offspring)

return(ab)

}

#########################################################

# so, for every different run

for (ii in 1:np){

#%

#% read in surv/fecundity

#% -1 = died

#% -2 = died previous day but had offspring on that day

aphid=read.csv(fecfile,header=FALSE)

# here I do my bootstrapping

aphid=sample(aphid,replace=T)

# now find survivorship parameters

survdata = survtoday(aphid)

days= survdata$csurv # first column

offspring=survdata$ysurv # second column

ind=survdata$asurv # third column

fecundity=data.frame(days,offspring,ind)

fec.freq = data.frame(table(days,offspring))

fec.freq$days = as.numeric(levels(fec.freq$days))[fec.freq$days]

fec.freq$offspring =

as.numeric(levels(fec.freq$offspring))[fec.freq$offspring]

surv.times = tapply(fecundity$days,fecundity$ind,max)

surv.times = tapply(fecundity$days,fecundity$ind,max)

surv.mod1 = survreg(Surv(surv.times)~1,dist="weibull")

rho = 1/exp(surv.mod1$icoef[1])

kappa = 1/exp(surv.mod1$icoef[2])

MC[ii,1]=rho

MC[ii,2]=kappa

###########################################################

# find age when the sampled aphids first reproduced



126

whenrep=0

status=0

ncol=length(aphid[1,])

for (jj in 1:ncol) { # for each aphid

# find when reproduced

index=which(aphid[,jj]!= 0)

if (aphid[index[1],jj]<0){ # died before giving birth

status=c(status,0)

whenrep=c(whenrep,index[1])

}

if (aphid[index[1],jj]>0){

status=c(status,1)

whenrep=c(whenrep,index[1])

}

}

#

whenrep=whenrep[-1] # get rid of the leading zero

status=status[-1]

whenrep=whenrep-1.5 # because when I wrote down the data,

# I started with day=1,

# but in all my programming, I start with day==0

# shifting the onset of reproduction by one day

if(changerep==1) whenrep=whenrep-0.99

# use 0.99 because of survreg

# shifting the onset of reproduction by two days

if(changerep==3) whenrep=whenrep-1.99

# use 0.99 because of survreg

whenrep=whenrep-shift

index=which(whenrep>=0)

whenrep=whenrep[index]

status=status[index]

rep.mod2 = survreg(Surv(whenrep)~1,dist="weibull")

rho = 1/exp(rep.mod2$icoef[1])

kappa = 1/exp(rep.mod2$icoef[2])

MC[ii,3]=rho

MC[ii,4]=kappa

MC[ii,5]=shift # shift is the # of initial days
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# when no aphids gave birth

####################################################

# find the parameters for

# fecundity as a function of days from onset of reproduction

#

fecdata <- fectoday(aphid)

days= fecdata$cfecday # first column

offspring=fecdata$offspring # second column

fecundity=data.frame(days,offspring)

fec.model1 =

glm(offspring~days,family=poisson(link="log"),data=fecundity)

xx=fec.model1$coef

MC[ii,6]=xx[1]

MC[ii,7]=xx[2]

MC[ii,8]=0

}

write.csv(MC,file=outfile,row.names=FALSE)

}

C.2 Program 2

# MCdd.R

# this file chooses bootstrapped parameters for degree day model

#

rm(list=ls())

library(survival)

changerep=1 # = 0 don’t shift 20 C reproduction

# = 1 yes shift 20 C reproduction by 1 day

# = 2 just change possibility of first reproduction to 8.5 days

for (datarun in 2:2){
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if(datarun==1){

# low humidity data

avgtemp76=25.37

avgtemp68=19.85

# read in daily average temperature

tempdata76=read.csv("RoomAApr21May30.csv", header=FALSE)

tempdata68=read.csv("RoomBFeb21Apr6.csv", header=FALSE)

fec68file <- "DevFec68degreesm2.csv"

fec76file <- "DevFec76degreesm2.csv"

outfile="MCddLH.csv"

shift68=10.5

shift76=7.5

}

if(datarun==2){

# high humidity data

avgtemp76=24.51

avgtemp68=19.52

# read in daily average temperature

tempdata76=read.csv("RoomASep18Oct28.csv", header=FALSE)

tempdata68=read.csv("RoomBSep18Nov3.csv", header=FALSE)

fec68file <- "DevFec68highhumiditym2.csv"

fec76file <- "DevFec76highhumiditym2.csv"

outfile="MCddHH.csv"

if(changerep==1){outfile="MCddHHwithshiftv3p2.csv"}

if(changerep==2){outfile="MCddHHwithshift.csv"}

shift68=11.5

if(changerep==1){shift68=10.5}

if(changerep==2){shift68=8.5}

shift76=7.5

}

# initialize array to print to file

# nc = number of parameters to find

# np = number of points

nc=9

np=9000
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MC<-array(NA,dim=c(np,nc))

# column #1, wrho<= location(lambda) for survivorship

# column #2, wkappa <= scale(kappa) for survivorship

# column #3, rrho <= rho for first day of reproduction

# column #4, rkappa <= kappa for first day of reproduction

# column #5, shift <= shift for first day of reproduction

# column #6, c1 <= x^0 term:

# fecundity as function of days from onset of reproduction

# column #7, c2 <= x^1 term:

# fecundity as function of days from onset of reproduction

# column #8, c3 <= 0 not used

# column #9, lowerthres

#################################################################

#################################################################

# survtoday subroutine

# converts data file into format for survival analysis

#

survtoday=function(aphid,lowerthres,tempdata){

# make matrix for input into survfitdays

#% csurv = column 1 = # days for this aphid since birth

#% ysurv = column 2 = # of offspring since birth so still alive

#% asurv = column 3 = aphid #

csurv=0; # initialize - I’ll remove the zeros later

ysurv=0;

asurv=0;

#convert daily temperature to degree days

dailyavgtem=tempdata$V6

index=which(is.na(dailyavgtem)==0)

avgtemp=dailyavgtem[index];

# avgtemp(1) = average temp from birth noon next day

# (day 0 to day 1)

# avgtemp(2) = average temp from day 1 to day 2

# avgtemp(3) = average temp from day 2 to day 3 etc.

len=length(aphid);
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aphid=as.matrix(aphid)

for(ii in 1:len) { # % for each aphid

yesalive=0; # initialize - I’ll remove the zero later

daydied=which(aphid[,ii]<0) # finds index of negative entry

daydied=as.numeric(daydied)

if (aphid[daydied,ii] == -2) {# died on day giving birth

yesalive=aphid[1:daydied-1,ii];# since died on previous day

}

if (aphid[daydied,ii] == -1) { # so died day after giving birth

yesalive=aphid[1:daydied,ii];

yesalive[daydied]=0; # get rid of that negative

}

aphidnum=ii*rep(1,length(yesalive));

lyesalive=length(yesalive); # initialize

cumdays=seq(1,lyesalive);

cumdays=cumdays-1

#assume only survived half the day

cumdays[lyesalive]=cumdays[lyesalive]-.5

# first find elapsed degree days per day

#no elapsed degree days have elapsed at beginning of experiment

dd=0

for(kk in 2:length(cumdays)){

dd=c(dd,(avgtemp[kk-1]-lowerthres)*(cumdays[kk]-cumdays[kk-1]))

}

##convert cumdays to degree days

edd=dd # initialize

for(jj in 2:length(dd)){

edd[jj]=edd[jj-1]+edd[jj] # elapsed cumulative degree days

}

csurv=c(csurv,edd) # cumulative degree days

ysurv=c(ysurv,yesalive)# yes its alive on those days

#(gives # of offspring)

asurv=c(asurv,aphidnum) # aphid number

}

# get rid of those leading zeros

csurv=csurv[-1]

ysurv=ysurv[-1]

asurv=asurv[-1]

survdata=data.frame(csurv,ysurv,asurv)
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return(survdata)

}

##############################################################

fectoday= function(aphid,lowerthres,tempdata,temp){

len=length(aphid[1,]);

aphid=as.matrix(aphid)

# cdegday = column 1 = cumulative degree days for

# this offspring since first day of reproduction

# offspringdd = column 2 = # of offspring per degree day

# offspring day = column 3 = # of offspring per day

# dailydegday = column 4 = daily degree days for this offspring

cdegday=0; # initialize - I’ll remove the zeros at the end

offspringdd=0; # initialize-I’ll remove the zeros at the end

offspringday=0; # initialize-I’ll remove the zeros at the end

dailydegday = 0; # initialize-I’ll remove the zeros at the end

#convert daily temperature to degree days

dailyavgtem=tempdata$V6

index=which(is.na(dailyavgtem)==0)

avgtemp=dailyavgtem[index];

# avgtemp(1) = average temp from birth noon next day

# (day 0 to day 1)

# avgtemp(2) = average temp from day 1 to day 2

# avgtemp(3) = average temp from day 2 to day 3 etc.

for( ii in 1:len) { # % for each aphid

firstrep=which(aphid[,ii]>0) # % finds positive entries -

# if doesn’t reproduce - then = NA

firstrep=as.numeric(firstrep)

daydied=which(aphid[,ii]<0)

daydied=as.numeric(daydied)

lenfirstrep=length(firstrep)

noffspring=0;

days=daydied-firstrep[1]

# number of days in reproductive period

if(lenfirstrep >0) { # gave birth at least one day

cumdays=seq(1,daydied,1)

# assume born when zero degree days have elapsed
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cumdays=cumdays-1

# pick off reproducing days

noffspring=as.numeric(aphid[firstrep[1]:(daydied-1),ii]);

# this next line is because I assume that when

# the aphid begins to reproduce,

# the first data point is only for a 1/2 day

cumdays[firstrep[1]]=cumdays[firstrep[1]]-1/2

if(days>1){

cumdays[(firstrep[1]+1):length(cumdays)]=

cumdays[(firstrep[1]+1):length(cumdays)]-1

}

# get rid of days not reproducing

cumdays=cumdays[(firstrep[1]):length(cumdays)]

# convert from offspring per day to offspring per degree day

# first find degree days per day on the days it reproduced

dd=0 # initialize

for(kk in 1:length(cumdays)-1){

dd=c(dd,(avgtemp[kk]-lowerthres)*

(cumdays[kk+1]-cumdays[kk]))

}

dd=dd[-1]

## find cumulative elapsed degree days

edd=0 # initialize

for(jj in 1:(length(dd))){

edd=c(edd, (edd[jj]+dd[jj])) # elapsed cumulative degree days

}

# now convert from offspring per day to offspring per degree day

noffspringday=noffspring

noffspringdd=noffspring

# note - the first data point is for one-half day, thus

# the rate fecundity/day is actually twice the observed

# offspring, so

noffspringday[1]=noffspringday[1]*2

# this is automatically taken into account when converting to

# degree days since dd[1] is only 1/2 day

noffspringdd=noffspring/dd[1:length(noffspring)]

if(days == 1){

cdegday=c(cdegday, dd[1])

dailydegday=c(dailydegday,dd[1])
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}

if(days > 1) {

cdegday=c(cdegday, edd[1:length(edd)-1])

dailydegday=c(dailydegday,dd[1:length(edd)-1])

}

offspringday=c(offspringday,noffspringday)

offspringdd=c(offspringdd,noffspringdd)

}}

cdegday=cdegday[-1] # get rid of those leading zeros

offspringdd=offspringdd[-1]

offspringday=offspringday[-1]

dailydegday=dailydegday[-1]

ab=data.frame(cdegday,offspringdd,offspringday,dailydegday)

return(ab)

}

#########################################################

#########################################################

# so, for every different run

for (ii in 1:np){

#%

#% read in surv/fecundity

#% -1 = died

#% -2 = died previous day but had offspring on that day

aphid68=read.csv(fec68file,header=FALSE)

aphid76=read.csv(fec76file,header=FALSE)

# here I do my bootstrapping

#

aphid68=sample(aphid68,replace=T)

aphid76=sample(aphid76,replace=T)

whenrep68=0

ncol=length(aphid68[1,])

for (jj in 1:ncol) { # for each aphid

xx=which(aphid68[,jj]!=0)

if(aphid68[xx[1],jj]>0){# so it reproduced before dying

whenrep68=c(whenrep68,xx[1])

}

}

whenrep68=whenrep68[-1]
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if(changerep==1){whenrep68=whenrep68-0.99}

whenrep76=0

ncol=length(aphid76[1,])

for (jj in 1:ncol) { # for each aphid

xx=which(aphid76[,jj]!=0)

if(aphid76[xx[1],jj]>0){ # so it reproduced before dying

whenrep76=c(whenrep76,xx[1])

}

}

whenrep76=whenrep76[-1]

whenrep=c(whenrep68, whenrep76)

t68=whenrep68*0+1 #trick to make t68 the same length as whenrep68

t68=t68*avgtemp68

t76=whenrep76*0+1 #trick to make t76 the same length as whenrep68

t76=t76*avgtemp76

temp=c(t68,t76)

# find out what adult aphids didn’t reproduce

nooffspring=match(whenrep,c(0))

# find what indices of whenrep where the aphid does reproduce

index=which(is.na(nooffspring))

# vector of only those that reproduce

yeswhenrep=as.numeric(whenrep[index])

yeswhenrep=yeswhenrep-1.5 # because when I wrote down the data,

# I started with day=1,

# but in all my programming, I start with day==0

# Also, on average begin to reproduce 1/2 before I see babies.

yeswhenrep=1/yeswhenrep

temp2=temp[index]

temp2=as.numeric(temp2)

birthdata=data.frame(temp2,yeswhenrep)

# assuming normal distribution of errors

m1 = glm(yeswhenrep~temp2,data=birthdata)

slope=m1$coefficients[2]

intercept=m1$coefficients[1]

lowerthres=-intercept/slope

MC[ii,9]=lowerthres

############################################################



135

# find age when the sampled aphids first reproduced

# convert to degree days

whenrep68=0

status68=0

ncol=length(aphid68[1,])

for (jj in 1:ncol) { # for each aphid

# find when reproduced

index=which(aphid68[,jj]!= 0)

if (aphid68[index[1],jj]<0){ # died before giving birth

status68=c(status68,0)

whenrep68=c(whenrep68,index[1])

}

if (aphid68[index[1],jj]>0){

status68=c(status68,1)

whenrep68=c(whenrep68,index[1])

}

}

#

whenrep68=whenrep68[-1] # get rid of the leading zero

status68=status68[-1]

whenrep76=0

status76=0

ncol=length(aphid76[1,])

for (jj in 1:ncol) { # for each aphid

# find when reproduced

index=which(aphid76[,jj]!= 0)

if (aphid76[index[1],jj]<0){ # died before giving birth

status76=c(status76,0)

whenrep76=c(whenrep76,index[1])

}

if (aphid76[index[1],jj]>0){

status76=c(status76,1)

whenrep76=c(whenrep76,index[1])

}

}

#

whenrep76=whenrep76[-1] # get rid of the leading zero

status76=status76[-1]

whenrep68=whenrep68-1.5
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# change onset of reproduction

if (changerep==1){whenrep68=whenrep68-0.99}

whenrep76=whenrep76-1.5

whenrep68=(avgtemp68-lowerthres)*whenrep68

whenrep76=(avgtemp76-lowerthres)*whenrep76

whenrep=c(whenrep68,whenrep76)

status=c(status68,status76)

index=which(status!=0)

# convert earliest day of reproduction to degree days

shift1=(avgtemp68-lowerthres)*shift68

shift2=(avgtemp76-lowerthres)*shift76

shift3=min(whenrep[index])

shift=min(shift1,shift2,shift3)

whenrep=whenrep-shift+.001

index=which(whenrep>=0)

whenrep=whenrep[index]

status=status[index]

rep.mod2 = survreg(Surv(whenrep,status)~1,dist="weibull")

rho = 1/exp(rep.mod2$icoef[1])

kappa = 1/exp(rep.mod2$icoef[2])

MC[ii,3]=rho

MC[ii,4]=kappa

MC[ii,5]=shift # shift is the # of initial days

# when no aphids gave birth

################################################

# now find survivorship parameters

survdata68 = survtoday(aphid68,lowerthres,tempdata68)

survdata76 = survtoday(aphid76,lowerthres,tempdata76)

survdata=merge(survdata68,survdata76,all=T)

degdays= survdata$csurv # first column

offspring=survdata$ysurv # second column

ind=survdata$asurv # third column

fecundity=data.frame(degdays,offspring,ind)

fec.freq = data.frame(table(degdays,offspring))
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fec.freq$degdays =

as.numeric(levels(fec.freq$degdays))[fec.freq$degdays]

fec.freq$offspring =

as.numeric(levels(fec.freq$offspring))[fec.freq$offspring]

surv.times = tapply(fecundity$degdays,fecundity$ind,max)

surv.mod1 = survreg(Surv(surv.times)~1,dist="weibull")

rho = 1/exp(surv.mod1$icoef[1])

kappa = 1/exp(surv.mod1$icoef[2])

MC[ii,1]=rho

MC[ii,2]=kappa

###########################################################

# find the parameters for

# fecundity as a function of days from onset of reproduction

#

tempdata=tempdata68

avgtemp=avgtemp68

fecdata68 <- fectoday(aphid68,lowerthres,tempdata,avgtemp68)

tempdata=tempdata76

avgtemp=avgtemp76

fecdata76 <- fectoday(aphid76,lowerthres,tempdata,avgtemp)

# now merge dataframe

fecdata=merge(fecdata68,fecdata76,all=T)

days=fecdata$cdegday# first column

offspringdd=fecdata$offspringdd # second column

offspringday=fecdata$offspringday # third column

Ddays=fecdata$dailydegday # fourth column

fecundityday=data.frame(days,offspringday,Ddays)

fec.freq = data.frame(table(days,offspringdd))

fec.freq$days = as.numeric(levels(fec.freq$days))[fec.freq$days]

fec.freq$offspring =

as.numeric(levels(fec.freq$offspring))[fec.freq$offspring]

fec.model1p = glm(offspringday~days+offset(log(Ddays)),

family=poisson(link="log"),data=fecundityday)

xx=fec.model1p$coefficients

MC[ii,6]=xx[1]

MC[ii,7]=xx[2]

MC[ii,8]=0

}

write.csv(MC,file=outfile,row.names=FALSE)
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}

C.3 Program 3

% MCdays.m

% determines aphid population as a function of days

% written in Matlab

clear all

warning(’off’,’MATLAB:dispatcher:InexactMatch’)

global npop %

% fecundity as a function of days since onset of reproduction

global c1 c2 c3

global wrho wkappa % weibull distribution for survivorship

% weibull distribution for first day of reproduction

global shift rrho rkappa

global degday lowerthres temp

maxa=50 ; % max age in days

MC=1% MC = 1 assume demographic stochasticity

% MC = 0 run model with calculated parameters

getinitialvalues=dlmread(’MCday68HHwithshiftv4.csv’);

getinitialvalues=getinitialvalues(8001:10000,:);

modeln=’shiftv4HHm8001_10000.csv’

temp=68%

if MC==1

basepopfile=’MCpopd’;

else

basepopfile=’DetPopd’;

end

nMC=size(getinitialvalues);

ntrials=nMC(1);

enddays=200 % number of days to run model

kk=2 % need maxa*10 for convergence

% I concatenate the rest of the file name below

basepopfile=strcat(basepopfile,int2str(enddays));

basepopfile=strcat(basepopfile,’t’);

stringtemp=int2str(temp);

basepopfile=strcat(basepopfile,stringtemp);

popfile=strcat(basepopfile,modeln);

plotday=2;
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t=0:1:enddays; % used for plotting

temp=(temp-32)*5/9; %

mina=0; % minimum age

% number of time divisions in endtime days - depends on kk

nn=[maxa maxa*10 maxa*20 maxa*50 maxa*100];

timestart = 0; % start after 0 elapsed days

% used when I ran through all nn to check convergence

cline=[’g’,’r’,’b’,’k’,’y’, ’m’];

% keep track of total population by days

npopmatrix=zeros(enddays, ntrials);

n=nn(kk);

% set up for integral

h=(maxa-mina)/n; % length of age interval

c=0:1:n;

age = mina + c*h; %

nage=length(age) ; % should = n+1

for trial=1:ntrials

trial

wrho=getinitialvalues(trial,1);

wkappa=getinitialvalues(trial,2);

rrho=getinitialvalues(trial,3);

rkappa=getinitialvalues(trial,4);

shift=getinitialvalues(trial,5);

c1=getinitialvalues(trial,6);

c2=getinitialvalues(trial,7);

c3=getinitialvalues(trial,8);

initialage=shift; % earliest age of reproduction

endtime=enddays; % number of days in experiment

time=timestart:h:endtime; % time at each time step

ntime=length(time);

iage=find(age >= initialage);

iage=iage(1); % index of earliest reproducing age class

numrepageclass=nage-iage+1;% number of reproducing age classes

npop=zeros(ntime,1);% keeps track of total population over time

% keeps track of population distribution
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pop=zeros(nage,numrepageclass+1);

% so popdist is age X age since first reproduction

% i.e. row 20 column 15 is number of aphids of age(20)

% and who have been reproducing for age(15) days the

% last column are those which have not started to reproduce

pop(iage,1)=1; % initial first population distribution

npop(1)=1; % we start with one aphid

degday=0; % since not the degree day model

if MC == 1

% popdist is final population distribution

pop=PDEfunc(pop,ntime,nage,age,h,MC) ;

else

pop=PDEfuncnoMC(pop,ntime,nage,age,h,MC) ;

end

% convert to days

% find population for each 24 hour day

index=1:1:enddays+1;

index=index*(1/h)-(1/h-1);

npopdays=npop(index);

npopdaysp1=npopdays(2:length(npopdays));

npopdays=npopdays(1:length(npopdays)-1);

npopmatrix(:,trial)=npopdays;

plot(t(plotday:length(npopdays)), ...

npopdays(plotday:length(npopdays)),cline(kk))

hold on

if floor(trial/10)==trial/10

dlmwrite(popfile,npopmatrix); % create data file

end

end

ylabel(’N_t’)

xlabel(’Days’)

dlmwrite(popfile,npopmatrix); % create data file

figure

%hold on

ylabel(’N_{t+1}/N_t’)

xlabel(’Days’)
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grmatrix=findgr(npopmatrix,1);

run100=mean(grmatrix,2); %

std100=std(grmatrix’)’;

E = std100.*ones(size(run100));

plot(t(plotday:length(run100)),run100(plotday:length(run100)));

C.4 Program 4

% MCdegdays.m

% determines aphid population as a function of degree days

% written in Matlab

clear all

warning(’off’,’MATLAB:dispatcher:InexactMatch’)

global npop %

% fecundity as a function of days since onset of reproduction

global c1 c2 c3

global wrho wkappa % weibull distribution for survivorship

% weibull distribution for first day of reproduction

global shift rrho rkappa

global degday lowerthres temp %used in PDEfunc for DD model

degday=1; % since using deree day model

maxadays=50 ; % max age in days

MC=1 % MC = 1 assume demographic stochasticity

% MC = 0 run model with calculated parameters

getinitialvalues=dlmread(’MCddHH.csv’);

getinitialvalues=getinitialvalues(71:3000,:);

modeln=’HHm71_3000.csv’

temp=77%

enddays=200 % number of days to run model

if MC==1

basepopfile=’MCpopdegd’;

else

basepopfile=’Popdegd’;

end

nMC=size(getinitialvalues);
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ntrials=nMC(1);

kk=3 % need maxa*10 for convergence

% I concatenate the rest of the file name below

basepopfile=strcat(basepopfile,int2str(enddays));

basepopfile=strcat(basepopfile,’t’);

stringtemp=int2str(temp);

basepopfile=strcat(basepopfile,stringtemp);

popfile=strcat(basepopfile,modeln);

plotday=2;

temp=(temp-32)*5/9; %

mina=0; % minimum age

% number of time divisions in endtime days - depends on kk

nn=[maxadays maxadays*5 maxadays*10 maxadays*15];

timestart = 0; % start after 0 elapsed days

% used when I ran through all nn to check convergence

cline=[’g’,’r’,’b’,’k’,’y’, ’m’];

% keep track of total population by days

npopmatrix=zeros(enddays-1, ntrials);

n=nn(kk);

for trial=1:ntrials

trial

wrho=getinitialvalues(trial,1);

wkappa=getinitialvalues(trial,2);

rrho=getinitialvalues(trial,3);

rkappa=getinitialvalues(trial,4);

shift=getinitialvalues(trial,5);

c1=getinitialvalues(trial,6);

c2=getinitialvalues(trial,7);

c3=getinitialvalues(trial,8);

lowerthres=getinitialvalues(trial,9);

% number of degree days in experiment

endtime=(temp-lowerthres)*enddays;

maxa=(temp-lowerthres)*maxadays; % maximum age in degree days

% set up for integral

h=(maxa-mina)/n; % length of age interval (in degree days)

c=0:1:n;
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age = mina + c*h; %

nage=length(age) ; %

initialage=shift; % earliest age of reproduction

time=timestart:h:endtime; % time at each time step

ntime=length(time);

iage=find(age >= initialage);

iage=iage(1); % index of earliest reproducing age class

numrepageclass=nage-iage+1; % number of reproducing age classes

npop=zeros(ntime,1);% keeps track of total population over time

% keeps track of population distribution

pop=zeros(nage,numrepageclass+1);

% so popdist is age X age since first reproduction, i.e.

% row 20 column 15 is number of aphids of age(20) and who have

% been reproducing for age(15) days the

% last column are those which have not started to reproduce

pop(iage,1)=1; % initial first population distribution

npop(1)=1; % we start with one aphid

if MC == 1

% popdist is final population distribution

pop=PDEfunc(pop,ntime,nage,age,h,MC) ;

else

pop=PDEfuncnoMC(pop,ntime,nage,age,h,MC) ;

end

% convert to days

% find population for each 24 hour day

timedays=time/(temp-lowerthres);

npopdays=zeros(enddays,1);

npopdays(1)=1;

for mm=2:enddays-1

index=find(timedays >= mm-1);% because starting on day 0

% assume population is linear between degree days

slope=(npop(index(1))-npop(index(1)-1))/ ...

(timedays(index(1))-timedays(index(1)-1));

intercept=npop(index(1))-timedays(index(1))*slope;

npopdays(mm)=slope*(mm-1)+intercept;

end

npopdaysp1=npopdays(2:length(npopdays));
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npopdays=npopdays(1:length(npopdays)-1);

lmatrix=min(length(npopdays),length(npopmatrix(:,1)));

npopmatrix(1:lmatrix,trial)=npopdays(1:lmatrix);

t=0:1:enddays; % used for plotting

plot(t(plotday:lmatrix),npopdays(plotday:lmatrix),cline(kk))

hold on

if floor(trial/10)==trial/10

dlmwrite(popfile,npopmatrix); % create data file

end

end

ylabel(’N_t’)

xlabel(’Days’)

dlmwrite(popfile,npopmatrix); % create data file

figure

%hold on

ylabel(’N_{t+1}/N_t’)

xlabel(’Days’)

grmatrix=findgr(npopmatrix,1);

run100=mean(grmatrix,2); %

std100=std(grmatrix’)’;

E = std100.*ones(size(run100));

plot(t(plotday:length(run100)),run100(plotday:length(run100)));

C.5 Common Subroutines

function popdist=PDEfunc(pop,ntime,nage,age,h,MC)

% given a population distribution for each day,

% computes total population at time enddays

% written in Matlab

global npop %

% fecundity as a function of days since onset of reproduction

global c1 c2 c3

global wrho wkappa % weibull distribution for survivorship

% weibull distribution for first day of reproduction

global shift rrho rkappa

global degday lowerthres temp
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% since calling this then MC =1

% aphids reproduce first, then age

index=find(age >= shift);%find index when old enough to reproduce

index=index(1);

numrepageclass=nage-index+1;%number of reproducing age classes

if degday ==0

% maternity function by days since onset of reproduction

mfec= ...

transpose(exp(c1+c2*(age(index:nage)-age(index))));

convdd=1;

else % maternity function by degree days since onset of reproduction

mfec= ...

exp(c1+c2*(age(index:nage)-age(index))+ log(temp-lowerthres));

mfec=transpose(mfec);

convdd=temp-lowerthres;

end

% ages of aphids who are old enough to reproduce

age1=[age age(nage)+h];

% compute hazard function for reproduction,

% i.e. give proportion of aphids

% which will reproduce at age a provided

% they have not begun to reproduce

rep=((age1(index+1:nage+1)-age(index)).^rkappa)- ...

((age1(index:nage)-age(index)).^rkappa);

% proportion which will NOT begin to reproduce

nnotrep=transpose(exp(-((rrho^rkappa)*rep)));

s1=(wrho*age1(2:nage+1)).^wkappa; % Wiebull distribution

s1=exp(-s1);

s2=(wrho*age1(1:nage)).^wkappa;

s2=exp(-s2);

surv=s1./s2;

nsurv=surv’;

% reproduce first then survive

% note: population is already vectorized (see lines 70-71)

for ii=2:ntime

fec=poissrnd(mfec) ; % pick random maternity

% pick if will reproduce randomly

randrep=unifrnd(0,1,numrepageclass,1) ;

notrep=(randrep>(1-nnotrep)) ;
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% if = 1, these age classes will not begin to reproduce

% if = 0, these age classes will begin to reproduce

% pick if will survive randomly

randsurv=unifrnd(0,1,length(age),1) ;

xx=(randsurv>nsurv) ;

surv = 1-xx ; % if = 1, these age classes will survive

% if = 0, these age classes will not survive

fec=fec/convdd; % final conversion for degree day model

surv=surv(1:nage,:)*ones(1,numrepageclass+1);

poptplus1=zeros(nage,numrepageclass+1,1);

% total fecundity: Equation 4.6 in thesis

sumfec=0;

% note, the two conditional statements below are

% the same as line 80. Removing

% these conditional statement made the program run faster

% if ii >= index % so second generation is beginning to

% reproduce since elapsed time = age(ii)

% \int_(age) \int_(rep age) fec(rep age)*n(age,rep age) dr da

% = \int_(rep age) fec(rep age) ( \int_(age) *n(age,rep age) da ) dr

% the inner integral is just the total number of aphids between age 0

% and age=current time (= age(ii))

% the sum(pop) below is population by age of onset of reproduction

% jj=min(ii,nage);

% sumfec=sum(pop(index:jj,1:numrepageclass)*fec)*h;

% end

% now add in offspring from initial aphid

% if ii < nage-index+1 % so initial aphid is younger than max age

% sumfec=sumfec + pop(ii+index-2,ii-1)*fec(ii)*h;

% end

sumfec=sum(pop(index:nage,1:numrepageclass)*fec)*h;

pop(1,numrepageclass+1)=sumfec; % put newborns into age class 0

% figure out those that will survive to next timestep

pop=pop.*surv;

% now figure out how many need to be reproducing at next time step

% total # non-reproducing adults by age

tnotrep=pop(index:nage,numrepageclass+1);

% find proportion that will not reproduce in next timestep

norep=tnotrep.*notrep; %

% thus proportion that will reproduce is

yesrep=tnotrep-norep;



147

% advance days since onset of reproduction

pop(index:nage,2:numrepageclass)= ...

pop(index:nage,1:numrepageclass-1);

pop(index:nage,1)=yesrep;

pop(index:nage,numrepageclass+1)=norep;

poptplus1(2:nage,:)=pop(1:nage-1,:); % advance age

npop(ii)=sum(sum(poptplus1));

pop=poptplus1;

end

popdist=pop; % returns population distribution
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