

















values, such as zero. In order to avoid this problem, we scaled our problem to look at
change on a nanoscale over a short period of time. One motivation for further work would

be to somehow quantify the sensitivity of this methodology to min/max numeral storage.

The observed data was also taken from the study [18]. They obtained their results for
patients 1 and 2 from a University of Washington study and the rest from the Aaron Dia-
mond AIDS Research Center. All of the data is from Stage 1 of HIV-1 infection from the
peak of the initial growth period to the beginning of the quasi-steady state that follows.
This quasi-steady state period can last up to 10 years for many patients and we were able
to get data for our estimation procedure well into the second year for many patients. As
with the predicted patients, we used the number of new cascs between sample times as
shown in Figures 7 and 8, although here it is represented in micro-liters. In addition, the
data was originally a time scrics of viral load over time. In order to convert this into a

time scries for change in new cascs we applied the following cxpression:

AT(t) e AV(t) + T15V{t = ’1'1) (54)

which gives us a rough estimation for what occured between the samples. This result
was attained by substituting AT(t) into the expression for AV(t). This also makes some
intuitive sense because the difference in viral load alone does not represent the number
of new cases unless we add the number of deaths that occured over that same time. Of
course, as with any estimation, we cannot be exactly sure how far we are from the true

dynamics and this may be another place for further work.
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5.3 Results

In Figure 9 the estimated distributions for the predicted and observed data is represented
for Patient 1. The Ry distribution for the predicted data converged very quickly to a
mean of 3.8 +/- 0.144 which is precisely the number calculated by Stafford et. al. for
the same patient [18]. Although the predicted data was generated with these parameters,
those values were not used explicitly in the expression for the distribution. This value
for Ry was elicited purely from the variation in data. The same Ry estimate shown on
the right as a graph of max values over time shows that the estimate converged to 3.8 as
the confidence interval tightened. The observed data also converged to a value of 1. This
would imply that the data saturated at an equilibrium, which is confirmed by the viral

load time series for this patient.

Patient 2 data looks very similar to Patient 1 with convergence to a value of 2.6+ /-.086
compared to a value of 2.8 calculated by Stafford et. al. Here the estimated Ry converged
very smoothly because the initial guess for the distribution was very close to the saturation
value. The observed data also converged very quickly to a value of .94+ /-3x107% for the

estimate of the effective number (R, ¢ )after the period of initial growth.

Patient 5 data, again, looks very similar to the previous patients in that the data
smoothly converges to the expected Ry value and remains there while continuously de-
creasing the variance. Here the initial guess for the Ry distribution was very close to the
final estimate so the graphs do not show very much movement. In the estimates for the
observed data, the similar pattern of stabilizing near 1 is observed again. Viral load data

confirms that this patient has reached an endemic state for this period.

As before, the pattern for all the remaining patients shows a smooth progression from
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Patient | Expected Ry [18] Bayes Rq Bayes R.;;
1 3.8 3.805+4/-0.144 | 0.991+/-0.0
2 2.8 2,600+ /-0.086 | 0.941+ /-0.001
5 47 4.669+/-0.189 | 0.991+/-0.0
7 6.2 6.2314/-0.221 0.9914-/-0.0
8 11.0 10.53+/-0.374 | 0.651+/-0.114
9 6.6 6.482+/-1.117 | 0.991+/-0.001

Table 4: Expected Ry values vs. Bayes Estimations

the initial estimate to the expected Ry value calculated for the patient. Patient 8 data
is particularly representative of the progression of the mean towards the expected value
while the variance becomes smaller as shown in Figure 13. The observed data for Patient
8 also had the highest resclution from all selected patients. The estimnate for Patient 8
Ry stays below 1.0 for all cstimatcs becausc this data comes from the period just af-
ter initial growth when the viral load is dipping down to its sct point level. After this
period of decline the viral load is somctimes so low that it is undctectable. Owver years,
the immune system slowly deteriorates and the T-cell count gets so low that the immunc
system cventually collapses into what is called Acquired Immunce Deficiency Syndrome
or AIDS. The paticnts sclected for our study have positive viral load valucs during this
period as shown in Figure 12. A summary of the estimates given by Stafford et. al. and
the values estimated by the Bayes Forward Iteration are summarized in Table 4. All the
values estimated hy our procedure match those predicted by Stafford et. al. along with
quantified uncertainty for each patient which was not provided there. Furthermore, all
of the patients showed a higher estimate for Rg than for their R s, which agrees with

theoretical expectations for these values.
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6 Uncertainty and Sensitivity Analysis of K,

In order to determine if our distributions are an accurate representation of HIV-1 viral
load within the host, we performed uncertainty and sensitivity analysis. To do so, we
decided to create probability distributions for all of the parameters in our model. All of
our parameter estimations were taken from a previous paper [18]. From this we know that
A = X Due to A and i being related to each other, we chose to use a new variable,

To, instead as a parameter. Thus:

.

Ximt:_:%
1
Apk Tk 11
Ry = 20k _ To0k _ gLl
Has s &5

The average healthy person has an average of 800 to 1200 CD4" T-cells per micro-liter
9]. The density of target cells before infection are found to be 1% of the CD4T T-cell
density in peripheral blood. This value was found in a paper using nuclear antigen Ki-67
(16, 18]. Our uninfected cell count will range between 8000 and 12000 cells per milliliter.
We assumed a uniform distribution for the parameter 7. For 3 we chose to use a trian-
gular distribution, with a minimum of .00000019, a peak of .00000065, and a maximum
of .0000048. Also, k was assumed to be a triangular distribution. This was created using
a minimum of 98, a peak of 850, and a maximum of 7100. An exponential distribution
was chosen for both é and % The mean for é was chosen to be 2.56 and the mean for
% was chosen as .33. All of these distributions can he seen in Figure 16. Using these
five parameter distributions we ran our program 10 times, creating 50,000 values of Ry

per simulation. The code used to create these distributions can be viewed in the Appendix.
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Parameter Distribution

Parameter | Distribution Min. Max Mean Peak

To Uniform 8,000 12,000 - -

51 Triangular | 0.00000019 | 0.0000048 - 0.00000065

k Triangular 98 7,100 - 850

é Fxponential - - 2.56 -

% Exponential - - 33 -

Table 5: Distributions and values used
Uncertainty Analysis
Run | Min. Rg Max. Ro Median Rg | Mean Ry Std. Dev. Pr[Ro < 1] | Pr[Ry = 1]
1 0.000045 | 3174.858832 | 11.201395 42.903161 103.195643 13756 .86244
2 0.000029 [ 5698.776718 | 10.935308 42 895685 108.835796 1366 8634
3 0.000017 | 2726.865301 | 10.957302 42.57981 104.225365 13418 86582
4 0.000026 | 5099.867277 | 10.855994 42.568557 106.460654 1383 8617
5 0.000004 | 3899.840203 | 11.070551 | 42.535354 | 104.257277 138 862
6 0.000012 | 3867.021795 | 11.231353 42763078 105.715445 1375 8625
7 0.000034 | 2949.600973 | 10.983479 42.636431 103.073843 1382 8618
8 0.000005 | 2375.636386 | 10.989205 42879221 103.436334 13608 86392
G 0.000055 | 4273.549069 | 11.051081 43.208162 110.193039 .1364 8636
10 0.000008 | 3209.269798 | 11.060117 | 42.688299 | 105.604199 13646 .86354
Mean | 0.0000235 | 3727.528635 | 11.0335785 | 42.7657758 | 105.4997595 | 0.136928 0.863072

Table 6; Results of the Uncertainty Analysis

Ry Quartiles

First Quartile

Second Quartile

Third Quartile

Fourth Quartile

2.728798

10.957172

38.471825

4273.549069

Table 7: Quartiles of the Probability Distribution of Ry
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Figure 16: To the left is a histogram of the simulated Rg distribution for patient 3. To
the right is the same histogram truncated and enlarged. Since all 10 of the replications

are comparable, any of the replications is a reasonable representation of the other nine.

6.1 TUncertainty Analysis

From Table 6 it can be shown that the range for Ry ran from .000004 to bGY8.776718.
This is an extremely large range, but acceptable given the parameter ranges we used. The
estimated Ry values that we were hoping for ranged from about 2 to 20 [18, 11]. Despite
the large variation in the range of Rg, the median Rq was 11.0335785. This number falls
directly in our estimated Ro values. The mean Rg given was 42.7657758, with a stan-
dard deviation of 105.4997595. This shows that our Rg range is very large, and that our
frequency histogram of Ry is strongly skewed to the right. Given that our mean is 42.7,
and our median is 11.033, it can be concluded that there exist very large values of Ry
per simulation that increase the mean tremendously. Due to the large standard deviation
values, it is easy to notice that there is a large fluctuation in Ry. Also, since Ry has such
a large range, there is a strong probability that Ry has the capability to explode into large
numbers. When looking at the distribution of Rg values, we did find that 62.3% of Rg

values were below 20, 70.4% below 30, 75.8% below 40, 79.7% below 50, and 89.3% below
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100. Using the distribution from run 9, we calculated the quartiles. Run 9 was chosen
since all other runs were comparable to this one. From Table 7 you can see that 75% of
the distribution is under 38.471825; while the last quartile spans the range of over 4,000,
This is also a strong indication that our distribution is skewed to the right. One surprising
observation in our simulations, is that the probability of Ry >1 was .863072. Given our

knowledge of HIV dynamics, we would have expected a larger probability of Rg > 1.

6.2 Sensitivity Analysis

In the sensitivity analysis of our parameters, partial rank correlation coefficients (PRCC)
were used. A parameter is influential in determining the magnitude of Ry if |[PRCC| >.5.
Also, if the p — value associated with a parameter PRCC is less than .05 we say that this
correlation is statistically significant [17]. We found a positive correlation for four param-
eters, namely: Tp, B, k, and a. As you can see from Table 8 below, there was a small
correlation (almost 0) between Ty and Rg and between a and Rg. The correlation which
is most influential is with respect to the parameter s. As s is increased, R is decreased,

and vice versa.

The p — value lets us know about the statistical significance of the correlations. Every
correlation between Rg and the five parameters showed that they are statistically signif-
icant. The p — values for all of the parameters were found to be 0.000 (i.e.<.05). Hence
we are rejecting the null hypothesis, and the five parameters are considered as statistically
significant. From these p — values we can conclude that there is a correlation between all
the parameters and Rg. Thus the correlation between Rg and the parameters could not
have arisen by chance. These p — values show that there is approximately a 0% chance

that these correlations occurred at random.
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Sensitivity Index of Rq with respect to Parameters

Parameters | PRCC | p — value

7o 0.054 0.000

3 0.276 | 0.000

0.297 0.000

73 0.175 0.000

£ -0.541 0.000

Table 8: Table of Sensitivity Analysis results

7 Conclusion

We estimated the distributions of the basic reproductive number for all the patients se-
lected in our study. As has been demonstrated by our graphs and previous discussion,
our estimation progresses smoothly from the prior to the basic reproductive number while
simultaneously decreasing the variance. Although we used predicted values for our pa-
rameters in our estimation of Ry this still serves as an effective control for checking the
accuracy of the algorithm and its expressions, which should be employed whenever this
algorithm is applied to a different model or context. Unlike, applications to larger time
scales, like a flu season, the sample data used for this estimation resided wholly within
the initial growth phase. This means that our estimation should stabilize at the basic re-
productive number and remain there until the end of the sampled time. This is confirmed
by our data, particularly in the graphs of the max Rg cstimates for cach paticnt. These

graphs can be casily comparcd to the estimates given by Stafford ct. al. using Table 4.

Bettencourt ct. al. suggested a method for calculating the basic reproductive number

from a time scries of the cffective number by taking the maximum value. The theoretical
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reason behind this result pertains to the distinction between the effective reproductive
nuumber, or replacement number, and the basic reproductive number. Under normal con-
ditions the effective reproductive number never gets any higher than in the initial growth
phase because the population is completely susceptible in the initial growth phase. Due to
different assumptions about the data and its context, such as different stages of growth,
this method could not be directly applied to our samples. However, if our model and
methodology, as well as computing constraints, were improved sufliciently this estimation
procedure could encompass a larger time period which may allow more longer term anal-

ysis such as this to be employed.

The cffective reproductive number caleulated for cach paticent after the initial growth
phasc agreed with expectations about its size relative to Rqg. Morce so, estimated R sy val-
ucs scemaed to support intuitive expectations from the slope of the viral load curve during
those periods. Because the obscrved data was low resolution and highly dynamic it was
less than ideal for this estimation procedure given the assumptions we made, such as con-
stant uninfected cell population and poisson distributed new cases. For future work, these
assumptions would have to be reevaluated and compared to more relevant alternatives, in

which more care would be taken choosing data and applying the method in context.

Using the probability density functions, the uncertainty analysis showed that the simu-
lated median for Ry was 11.0335785. The mean Ry given was 42.7657758, with a standard
deviation of 105.4997595. Due to the large standard deviation values, it is concluded that
there is a large fluctuation in the Ry distribution. Since there exist Ry values exceeding
5000, this indicates that Ry has exponential growth. Also, since R has such a large range,

there is a strong probability that Ry has the capability to explode into large numbers.
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Also, it was shown through the sensitivity analysis that ¢ was the only parameter that
wag statistically significant. This means that there is a large negative correlation between
Ry and s. This suggests that viral death rate is a crucial factor in varying the threshold

Ry. Therefore, in order for Ry to be decreased, s should be increased.

7.1 Improvements and Future Work

Some idcas for futurc work include finding a way to solve the whole system. This way
we could assign a solution to z{uninfected cclls) that is a function of t so that our de-
terministic process will be closer to the data. One thing we would like to do is improve
our estimation of dynamics hetween sample points. Another idea is to choose a differ-
ent distribution with a larger variance to minimize statistical anomalies. On thought is
to possibly use truncated normal distributions. Another thought is to try to apply the
method on a more accurate model for HTV, one that is more complex. Our hope is that

this can one day be extended to real time analysis of medicated patients.



References

1]

AIDS  Epidemic Update; UNAIDS and WHO. http://www.who.int/hiv/epi-

update2005_en.pdf, December, 2005,

Aids. Org, Viral  Load Tests. San Francisco AIDS Foundation,
http://www.aids.org/Factsheets/125-Viral-Load-Tests.html, July, 2006.

Antiviral Immunity. Microbiology Q Leicester, http://www-
micro.msh.lc.ac.uk/MBchB/8a.html, July,2006.

Avert.Org, The Different Stages of HIV Infection.

http://www.avert.org/hivstages.htm, June, 2006.

Bettencourt, Luis M.A. and Ruy M. Ribeiro, Detecting early human transmission of

H5NT avian influenza. June, 2006.

Del Valle, S. et. al., Effects of behavioral changes in o smallpoz aftack model. Mathe-

matical Biosciences, 195, 228-251, 2005.

EhealthMD, How is HIV Infection Diagnosed? http://www.ehealthmd.com/library/aids/

ADS_diagnosis.html, January, 2004.

Hethcote, Herbert W., The Mathematics of Infectious Diseases. SIAM Review, Vol
42, No. 4, pp. 599653, 2000.

How HIV Causes Aids. National Institute of Allergy and Infections Diseases,
http://www.mtholyoke.edin/dept /biol /documents/How_HIV_Causes_Alds.pdf, Octo-
ber, 2001.

36



(10] Immune Response: Overview. University of Arizona,
http://www.biology.arizona.edu/immunology /tutorials/AIDS /HIVimmune.htl,

TJuly, 2006.

[11] Little, Susan J. et. al., Viral Dynamics of Acute HIV-1 Infection. The Jowrnal of
Experimental Medicine, 841-850, 190, 6, 1990.

[12] McMichacl, Andrew, How Hrv Fools the Immune Sys-
tem. Institute of Moleccular Medicine, Oxford University,
http://www.tulanc.cdu/«~dmsander/ WWW /335 /McMichacl/McMichacl.html,  July,

2006.

[13] Nowak, Martin A. and Robert M. May, Virus Dynamics: Mathematical Principles of

Immunology and Virology. Oxford University Press, 2000.

[14] Perelson, Alan S. et. al., HIV-1 Dynamics in Vivo: Virion Clearance Rate, Infected

Cell Life-Span, and Viral Generation Time. Science, 1582-1586, 271, December, 2005.

[15] Pieribone, David, The HIV Lifecycle. Aids Community Research Initiative of Amer-

ica, http://www.thebody.com/cria/winter03/hiv_lifecycle. html, Winter, 2003.

[16] Sachsenberg, Nicolas et. al., Turnover of CD4T and CD8" T Lymphocytes in HIV-
1 Infection as Measured by Ki-67 Antigen. The Journal of Experimental Medicine,
1295-1303, 187, 8, 1998.

[17] Sanchez, M and Sally Blower, Uncertainty and Sensitivity Analysis of the Basic Re-

productive Rate. American Journal of Epidemiology, 1127-1137, 145, 1997.

(18] Stafford, Max A. ct. al., Modeling Plasma Virus Concentration during Primary HIV
Infection. Journal of Thcorctical Biology, 285-301, 203, 2000.

37



[19] The Henry J. Kaiser Family Foundation, The Global HIV/AIDS Timeline.

http://www.kfl.org/hivaids/timeline/index.cfm, July, 2006.

20] Viral Load Testing. San Francisco AlIDS Foundation,

http://www.sfaf.org/aids101/viral_testing. html, December, 1998.

[21] WebPath,  WebPath: The Internet Pathology Laboratory for Medical
Education, Florida State University, College of Medicine. http://www-
medlib.med.utah.cdu/WebPath/TUTORIAL/AIDS/HIV . heml, July, 2006.

8 Acknowledgments

We would like to express our gratitude to the numerous people who offered their time and
effort in contributing to this project. Foremost, Dr. Carlos Castillo-Chavez, who gave us
the opportunity to participate in MTDBI 2006. We would also like to commend our

two advisors: Dr. Xiachong Wang and Dr. Ariel Cintron-Arias for their support and
patience. We would also like to recognize Dr. Linda Gao, Anuj Mubayi, and Mustafa
Erdem for their contributed thoughts and ideas. We would especially like to thank Alan

S. Perelson for his help and guidance.

The Mathematical and Theoretical Biology Institute would like to thank the following
grant sourccs for the Summer 2006 REU program: The National Scicnece Foundation
(NSF), award number DMS-0502349. The Alfred P. Sloan Foundation. The National

Sccurity Agency(NSA), award number H98230-06-1-0097 and Arizona State University.

38



9 Appendix

9.1 MATLAB code for the HIV Model

function dx=xyv_para(t,x,lambda,beta,m,a,k,s)

hpatient #4

% lambda = 46; % cells/((mL) (day})
% beta = 4.8%107-6; % mL/{({(virion)(day))
% mu = .0046; % 1/day

hoa = .18; % 1/day

%k = 98; % 1/day

% s = 3; % 1/day

dx=zeros(5,1); dx(1)= lambda - mu#*x(1) - beta*x(1).*x(3); dx(2)=
beta*x (1) .*x(3) - a*x(2); dx(3)= k*x(2) - s*x(3);
dx(4)= k*x(2); %Total new cases

dx(5)= s*x(3); %Total virion deaths

9.2 MATLAB code used to create Predicted Data

function patient_sim(index_vector) set(0,’DefaultAxesFontSize’,16)

initX = 10000; ¥ cells/microL
initY = Q; % cells/microL
initV = 1%10"-6; % wvirions/mL
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init_conds = [initX,initY,initV,C,0];

num_patients = 10; patient = zeros(l,num_patients);

hinitialize parameter arrays
lambda = zeros(l,num_patients); beta = zeros(l,num_patientg); mu =
zeros(l,num_patients); a = zeros(l,num_patients); k =

zeros(l,num_patients); s = zeros(l,num_patients);

% tspan = [0:3:99];

tspan = [0 49]; Ynumber of samples

%patient #1

patient(1)=1;

lambda(1) = 1.3%10°2; % cells/((mL)(day))
beta{l) = 4.6%10"-7; % mL/((virion)(day))
mu (1) = 1.3%10°-2; % 1/day
a(1) = .4; Y, 1/day
k{1) = 980; % 1/day
s(1) = 3; 1/day

hpatient #2

patient(2)=2;

lambda(2) = 2.0%10°2; % cells/((mL) (day))
beta(2) = 3.6%107-7; % mL/{(virion) (day))
mu(2) = 2.0%10°-2; ¥ 1/day
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a(2)

k(2)

s(2)

kpatient #3

patient(3)=3;

lambda(3)

beta(3)

mu(3)

a{3)

k(3)

s{(3)

Totodoo oot

hpatient #4

65;
6.4%x10°-7;
6.5%107-3;
.43;

960;

patient(4)=4;

lambda{4)

beta{4)

mu(4)
a{4) =
k(4) =
s{4) =

Todododotototo

Todotodo oot

46;
4.8%10°-6;
.0046;
.18;

98;

3;

A
h
h

h
h
h
A
h
%

pe
%
e
h
T
b

1/day
1/day

1/day

cells/((mL) (day))
mL/((virion) (day))
1/day
1/day
1/day

1/day

cells/((mL) (day))
mL/{(virion) (day))
1/day
1/day
1/day

1/day
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Jipatient #5b

patient(5)=5;

lambda(b) = 170; % cells/((uml) (day))
beta(t) = 6.3*%10"-7; % mL/{((virion)(day))
mu(5) = .017; Y 1/day

a(5) = .39; % 1/day

k(5) = 870; % 1/day

s{b) =3 % 1/day

%

Ay AAA

%patient #6

patient(6)=6;

lambda(6) = 1.2%107-4; % cells/((mL) (day))
betal6) = 7.5%10°-7; % mL/((virion)(day))
mu (6) = .012; Y 1/day

a(6) = .39; % 1/day

k(6) = 790; % 1/day

s(6) = 3; % 1/day

%

hotnds o tatodh
“ipatient #7

patient(7)=7;

lambda(7) = 170; % cells/((mL) (day))
beta(7) = 8.0%10°-7; % mL/((virion)(day))
mu(7) = .017; % 1/day
a(7) = .31; % 1/day
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k(7) = 730;
s8{(7) = 3;
%

YAAA A A A
Jpatient #8

patient(8)=8;

% 1/day

% 1/day

lambda(8) = 85; % cells/((wlL) (day))
beta(8) = 6.6*%10"-7; % mL/{(virion)(day))
mu(8) = .0085; % 1/day

a(8) = .17; % 1/day

k(8) = 830; % 1/day

s{(8) = By % 1/day

h

VAN NNAA
%ipatient #9

patient(9)=9;

lambda(9) = 60;
beta(9) =
mu(9) = .0086;
a(9) = .13;
k(9) = 110;
s(9) = 3;

%

Hh btk
hpatient #10

patient(10)=10;

% cells/((mL}) (day))

2.5%10"°-6; % mL/{(virion)(day))

% 1/day
% 1/day
% 1/day

% 1/day
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lambda(10) 43; % cells/((mL) (day))

beta(10) = 1.9%10°-7; % mL/((virion) (day))
mu(10) = .0043; % 1/day

a(10) = .46; % 1/day

k(10) = 7100; % 1/day

8(10) = 3; % 1/day

#solve system with given parameters
%index_vector;
for i=1:length(index_vector)

index_vector(i);

J
t =[; y=[0; indx = [1; data = [];%should null x and y
figure;
[t,y]=0ded45(@xyv_para,tspan,init_conds, [],lambda(j),beta(j) ,mu{j),alj) k(j),s(j});
% semilogy(t,y(:,3),’8%);
A plot(t,y(:,3),°s?);
graph_title = strcat(’Predicted New Cases Patient #’,int2str(patient(j)));

title(graph_title);
#data storage
indx = find((1<y(:,3))&(y(:,3)<1ed));

A indx = l:length(y(:,3));

A fprintf(’ (¥i) ¥f\n’,indx, y(indx,3));
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data(:,1) = diff(t{(indx));

data(:,2)

diff (y(indx,3));
#fprintf(*%1.16e \n’, y(1:(end-1},3} };
%fprintf (’%1.156e \n’, s(i)*y(l:(end-1),3) );
tmp=5(j)*y(indx,3);

data(:,3) = data(:,2) + data(:,1).*tmp(l:end-1);

plet(t(indx),y(indx,3),’s?);
xlabel (’time[days]’)
ylabel(’Viral Load [# per nanoliter]’);

title(graph_title);

this_f=strcat(’data\simdata_patient’,int2str{patient(j)),’.txt’);
mt=[data(:,1) data(:,3)];

save(this_f,’mt’,’-ascii’);

end

9.3 MATLAB code used to Graph Observed Data

function graph_obs(index_vector)

set (0, ’DefaultAxesFontSize’,16);

for i=1:length(index_vector)
j = index_vector(i);
f_name = strcat(’datal\obsdata_patient’,int2str(j),’.txt?);

x = load(f_name, ’-ascii’);



figure;

plot (cumsum (x(:,1))+20, x(:,2));

graph_title = strcat(’Observed New Cases Patient# ’,int2str(j));
title(graph_title);

xlabel ("time[days]’);

ylabel(’Viral Load [# per microliter]’);

axis tight;

end

9.4 MATLAB code to perform Bayes Forward Estimation

function dy=bayes_frwd_estmtn(simdata, p_num)

a = zeros(1,10); s = zeros(1,10);

a(1) - .4; % 1/day
a(2) = .8; % 1/day

a(3) - .43; % 1/day
a(4) = .18; % 1/day
a(5) = .39, % 1/day
a(6) - .39; % 1/day
a(7) = .31, % 1/day
a(8) = .17, % 1/day
a(9) = .13; % 1/day
a(10) = .46; % 1/day

s(:) = 3.0; %per day

%test for loading simulated data or observed data
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if(simdata)
this_file=strcat(’data\simdata_patient’,int2str(p_num),’.txt’);
RO=1inspace(1,20,250);
RO_digt=normpdf (R0,5,2)7;
RO_dist=RO_dist./sum(RO_dist);

else
thig_file=strcat (’datal\obsdata_patient’,int2str(p_num),’.txt’);
RO=linspace(le-1,5,100);%change this per patient
RO_dist=normpdf (RO, .5,.2)7;
RO_dist=RO_dist./sum(RO_dist);

end

x=load(this_file,’—ascii’);

tau= x(:,1); %times

DeltaT= round(x(:,2)); %number of new cases at each time

data_length = length(x); data_cursor = 2; iterations =

data_length-data_cursor;

% RO_dist = normpdf (RO, 2, 12);

% RO_dist RO_dist / sum(RO_dist);

#R0O_dist=R0O.*exp(-R0O); %first prior: positive because of condition

#RO_dist=ones(length(RO),1);

% RO_dist=normpdf (R0,5,2);
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% RO_dist=RO_dist./sum(R0O_dist);

lambda=zeros(iterations,length(RO_dist));
vals=zeros(length(RO_dist),iterations);

maxvals=zeros(iterations,1); cond_prob=zeros{l,length(R0)};

for i=data_cursor:data_length-1
rho_1 = ((-1*a(p_num)-s(p_num)) + sqrt((a(p_num)+s(p_num}} 2
—Zxa(p_num) *s (p_num)*{1-R0)))/2; %needs to be positive for stability condition
rho_2 = ({(-1*a(p_num)-s(p_num)) - sqrt((a(p_num)+s(p_num})} 2

~4%a(p_num)*s (p_num) *(1-R0))) /2;

A = (DeltaT(i)./tau(i))-(tau(i).*DeltaT(i-1)-tau(i-1).*exp(-1xrho_1.*tau(i)).
*DeltaT(i))./(tau(i).*tau(i-1).*(exp(-1.*rho_2.*tau(i))-exp(-1.*rho_1.*tau(i))}};

B = DeltaT(i}/tau(i) - 4;

lambda(i,:)= tau(i+1).*{A.*exp{rho_1.*tau{i+1))+B.*exp(rho_2.*tau(i+1)));

if sum(lambda(i,:)) =0
cond_prob = poisspdf(DeltaT(i+1),lambda(i,:)’);
if (cond_prob == 0)
fprintf (’ANOMALY!!! (culprit: new cases fall outside the distribution)\n’);
end
g=cond_prob.*R0O_dist;
g=q/sum(q};

RO_dist=q;
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vals(:,i-(data_cursor-1))=q;
else

fprintf (ANOMALY!!! (culprit: lambda)\n’);
end
held on
plot (RC,q)
graph_title = strcat(’Patient #’,int2str{p_num));
title(graph_title);

pause(.75)

end

% hold off

%save data to MATLAB .mat file

if (simdata)
namel=strcat(’data\r0O_dstn-sim_patient’,int2str(p_num),’.mat’);

else
namel=strcat(’data\r0_dstn-obs_patient’,int2str(p_num},’.mat’);

end save(namel,’vals’,’R0’,’tan’);

9.5 MATLAB code to graph and display patient data and confidence

intervals

function run_datagraph(index_vector)
set (0, ’DefaultAxesFontSize’ ,16) sim_data = false; for
i=1:length(index_vector)

j = index_vector(i);
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subplot_indx = 1;

figure;

for w=1:2 Y%loop for patient data and sim data
RO=[1; vals = [1; tau = [1; q = [];%null
sim_data = “sim_data;

if (sim_data)

name = strcat(’data\rO_dstn-sim_patient’,int2str(j),’.mat’);

else

name = strcat{(’data\rO_dstn-obs_patient’,int2str(j),’.mat’);
end
%load variables from file

load(name} ;

RO = RO’

htothhh (1)

%plot distribution
subplot(2,2,subplot_indx);
subplot_indx = subplot_indx+1;

plot(R0O,vals);

if(sim_data)
xlabel (R_{0}");
ylabel(’Prob(R_{0})’);
graph_title=strcat(’ Predicted Data Patient#’,int2str(j));
v = axis; %get axis data

axis([0 15 v{(3) v(4)]);



else
xlabel (CR_{eff}’);
ylabel (’Prob{(R_{eff})’);
graph_title=strcat (’Observed Data Patient#’,int2str(j));
v = axis; %get axis data
axis([0 2 v(3) v(4)1);
end
title(graph_title);

Dol totaotetoototots fo oo

hhhth(2)

width_vals = length(vals(1,:));

length_vals = length(vals(:,2));

%1 could store the first prior in vals so i don’t have to index tau from 2
graph_data = zeros(width_vals, 3);

timeline = cumsum{tau(2:(end-1}));

[blah, indx_m] = max{vals);

graph_data(:,2) = RO(indx_m);

for i=1:width_vals

q = vals(:,1i);

av = sum(RO.*q);

st = sqrt(sum((R0-av)."2.%q));

graph_data(i,1) = av - (1.98)#*st;

graph_data(i,3) av + (1.96)#*st;

end



subplot(2,2,subplot_indx);
subplot_indx = subplot_indx+1;
plot(timeline, graph_data(:,2), ’ro-’, timeline,
graph_data(:,1), ’b-’, timeline, graph_data(:,3), ’b-?);
%axes tight;
if (sim_data)
ylabel(’R_{0} with 95% C.I.?);
final_str = strcat(’Patient#’,int2str(j),’ final estimate for R_{0} = ’);
else
ylabel (’R_{eff} with 95% C.I.%);
final_str = strcat(’Patient#’,int2str(j),’ final estimate for R_{eff} = ’);
end
xlabel (’time[days]’);

fprintf(’%s %f +/- %f\n’,final_str, av, st);

%print out final estimation

end

end
9.6 MATLAB code for Estimated Parameter Distributions
and Probability Density Functions

function Sampling;
%% Choose distributions for each parameter in the R_O expression

Tt b e el T T T T e e T T T oo o T oo o o o o o o o o fo o do oo oo 1 1o 1o foFo oo oo oo o o fo
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NUM = 50000

TO=unifrnd (8000,12000,NUM,1);

Yecreates a uniform distribution between 8000 and 12000

figure; [TO_freq,bins] = hist(T0,100});
bar{bins,TO_freq/length(T0)); xlabel(’Initial Uninfected Cells’);
ylabel (’Probability’); title{’Probability Distribution of Initial

Uninfected Cells’);

beta=triangular(.00000019, .000006G65, .0000048,NUM) ;

%creates a triangular distribution with min=1.9e-7, peak=6.5¢-7, and max=4.8e-6

beta=beta’; figure; [beta_freq,bins] = hist(beta,100);
bar(bins,beta_freq/length(beta)); xlabel(’beta’);

ylabel{’Probability’); title{’Probability Distribution of beta’);

k=triangular(98,850,7100,NUM) ;

hicreates a triangular distribution with min=98, peak=850, and max=7100

k=k’; figure; [k_freq,bins] = hist(k,100);
bar(bins,k_freq/length(k)); xlabel(’k’}; ylabel(’Probability’};

title(’Probability Distribution of k’);

a=exprnd(2.56 ,NUM, 1) ;

hcreates an exponential distribution with mean=2.56
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a=1./a; figure; [a_freq,bins] = hist(1l./a,1000);
bar(bins,a_freq/length(a)); xlabel(’1/a’); ylabel(’Probability’);

title(’Probability Distribution of 1/a’};

s=exprnd(.33,NUM,1);

fcreates an exponential distribution with mean=.33

8=1./s; figure; [s_freq,bins] = hist(1./s,1000);
bar{bins,s_freq/length(s)); xlabel(’1/s’); ylabel(’Probability’);

title(’Probability Distribution of 1/s7};

RO=zercs(NUM,1);

%% Calculate R_O using sets of the parameters generated above

Tttt ot o I o o o oo oo o o T o o oo o T o o o o o o fo o fe o oo o o 1o 1o fo o o Fofo o oo oo o

for i=1:NUM
RO(1i,1)=(beta(i)*k(i)*T0(i))/(a(i)*s(i));
end result=[RO, TO, beta, k, a, s]; save —-ASCII
sampling_result_1.txt; x_axis=(5:10:2005); figure;
hist(RO,x_axis); h=findobj(gca,’Type’, ’patch’); set(h,
’Facelolor’, 'm’,’EdgeColor’,’k’)
fprintf{’data are on the following line: \n #%f %f %f ¥f %f %f %f \n’,

min{RO) ,max(R0) ,median(R0O) ,mean(R0O),std(R0O) ,sum{(R0<1) /NUM, sum(RO>=1) /NUM) ;

quartile = floor(NUM/4); sorted_RO = sort(RO);



fprintf (’First quartile(25 percent): %f\n’, sorted_RO(quartile));
fprintf (’Second quartile(50 percent): %f\n’, sorted_RO(2*quartile));

fprintf (’Third quartile(75 percent): %f\n’, sorted_RO(3*quartile));

#This function generates random numbers from a triangular distribution
%a=min val, b=top value and c=max value

function t= triangular(a,b,c,N);

x=zeros(1l,N+1); m=zeros(1,N); t=zeros(l,N); s=zeros(l,N);

p=(c-a)*(b-a); %area of min value
g=(b-a)/(c-a); %area of top value

r={c-a)*{(c-b); ¥area of max value

x(1)=a; %initializing min value

for i=2:N+1
y={l 1IN
if y<q
x(i)=sqrt(y*p) +ta;
else
x(i)=c-sqrt ((1-y)*r);
end

end

for i=1:N

ot
<t



u=unifrnd(0,1};
m{i)=x(i)+u*(x(i+1)-x{i));

end

%#Since the random numbers generated above are generated
#by default in increasing order we need to permute so that they are
hgenerated randomly in the given interval

s=randperm(N);

for i=1:N t(i)=m(s(i)); end



