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Abstract

We present a stationary Markov chain model for tpeediction of future CO) cell
counts of HIV/AIDS patients before HAART. Recordémbspital data were obtained for a
cohort of 1004 patients with follow-up from the miedl Examination department of
Nnamdi Azikiwe Uniersity Teaching Hospital, contimus Quality Improvement HIV
Care (NAUTH) Nnewi-Anambra Nigeria from January-Dexnber 2010. States of the
Markov chain model are defined by the seriousnesk tbe sickness based on the
epidemiological counts of the CDcell/mn?. The five states considered are: State one
(CD, cell counts > 500cells/miy, State two (350 < CP< 500cells/mr), State three (200
< CD, < 350 cells/mm) State four (CQ < 200 cells/mr) and state five (Death). The first
four states are named good or alive State. The tesbtained from the mean absolute
error (MAE) — 15.63 showed the stationary Markov aih model to be conceptually a
good model in the prediction of future C{xell counts.

Keywords: Stationary Markov chain, Transition Probabilifyansition probability matrixCD, cell
counts.

1.0 Introduction

The human immunodeficiency virus (HIV) is among thest pressing health problem in the world todayals been
estimated that about 35.5 million people were fvimith the disease as at the end of 2008, ad greadportion of the
population coming from Africa and Asian countries.

The HIV fatal effect stems from the attack on aspesCD, cell counts. This result to the progressive déphedf the
CD, cell counts which play a pivotal regulatory role the immune response to infections and tumoursifif§¢ction by the
human immunodeficiency Virus (HIV) gradually evadvid acquire immunodeficiency syndrome (AIDS) arfdclv finally
leads to death. The use of Markov chain model {RHn predicting the futur€D, cell counts of the HIV/AIDS patients is
based on the fact that essential characteristiddavkovian model (i.e. (i) a finite set of staté$ ¢uccessive intervals and
(iil) movement among states expressed in termgatigbilities) have direct analogies with the HIVD® dynamics. States
can be defined a8D, cells. Transition probabilities can defined as thi of flow betweerCD, cell counts during fixed
time interval. More so, the possibility matrix make&ery attractive. The matrix of the forecastimgdel may help physician,
policy makers, young researchers and innovators.

2.0  The Markovian Model for CD, Counts of the Stationary Markov Chain Model
The expected number @D, cell counts in any state is related to the equatio
N

(T +1) = z n(T) +ng;(T+1),(i =12 .. k)T =0,1,2,..).  (2.1)

i=1
Where the bar denote the expectation (j = 1,2,..2I3]] The above equation implies that patientdaresj are patients who
transited to state j. some of these variables nsayrae zero value, like in the present study wisch ¢ohort and no new
entrants are allowed, in this case;

Nno(T + 1) = 0,where ¢ = cohort study
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However, the above model could be redefined byesging the transition flow of the new entrantseims of wastage i.e.,
death rate of patients.
noj(T+1) =W;(T+1)

The equation (2.1) becomes
N

(T +1) = z g (T) + 10, (T +1),(( =12 )T =0,12,..).  (2.2)
i=1
And the common estimate of the transition probgbgiven as;

o 25;1 ni.j(T)
¥ T n; ;(T)
On the assumption that they are stationary oveg.tithen equation (2.1) becomes

P, (j=12...,K) (2.3)

N
ni(T +1) = Z P ny(T) + Wi(T +1),(i = 1,23 .. )T = 0,1,2,...). (2.4)

i=1
In vector form, equation (2.3) becomes
nT+1)=nTP+W(T+1) (2.5)
When using equation (2.5) for forecasting, we dtai the current transition counts of t88, cells and then predict future
transition counts for any time horizon, T, say jded that the transition probability matrix P iatginary over time or in
other words is independent of time.

3.0 Application
To demonstrate the efficacy of our model, we apipty a cohort study of 1094 HIV/AIDS positive patis with follow-up
in their transition counts from January-Decembek(0

DATA
The data were sourced from the medical Examindliepartment of the Nnamdi Azikiwe University TeadahiHospital,

Continuous Quality Improvement HIV/Care (NAUTH) NmeAnambra State, Nigeria.

METHOD
The patient$D, cell counts were classified into (5) states usheclassification developed by Guiseppe Di Bigsal §4].
The classifications are summarized below.

State I CD, > 500cellshm?®

State II: 350 <D, < 500cellsim®
State III: 200 <CD, < 350cellsin?®
State IV: CD, < 200 cellshm®

State V: Death (Absorbing State).

4.0  Stationary Markov Chain Model
The transition matrices and transition probabaitaf the 1094 patients of the cohort study for tihelve (12) observable
months January-December 2010 are recorded as;

Table I: Represents the transition counts of @2, cells of the 1094 patients in January 2010. Singlassifications were
done for the month of February-December 2010 (SgeeAdix B).

JANUARY 2010 I Il 1l A \Y TOTAL
CD, > 500cellsim® I 95 99 48 18 12| 272
350 <CD, < 350cellsimm’ Il 100 | 96 50 20 4 270
200 <CDj, < 350cellsin’ I 70 50 95 55 7 277
CD, < 200cellsinm® \% 76 95 30 64 10| 275
DEATH \% 0 0 0 0 0 0
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Table II: Represents the total transition counts of@bg cells of the cohort for the months of January-Deoen?010. By
equation (2.3) we compute the transition probapitiatrix P for the stationary Markov chain model.
TOTAL TRANSITION COUNTS OFCD, CELLS

TOTAL TRANS. COUNTS I Il 1] [\ \Y TOTAL
CD, > 500cellsihn? I 903 | 875 580 | 350 40| 2754
350 <CD, < 350cellsim’ Il 857 | 936 584 | 376 41| 2795
200 <CD, < 350cellsim’ 11 631 | 800 848 | 372 38| 2689
CD, < 200cellsim® v 631 | 880 785 | 371 45 2712
DEATH \Y/ 0 0 0 0 0 0
Table Ill: Represents the transition probability mafix
Y I i IV VAR
I 0.328 0.318 0.211 0.127 0.016
1] 0.307 0.335 0.209 0.135 0.014
P = 1 0.235 0.298 0.315 0.138 0.014
v 0.233 0.324 0.289 0.138 0.017
\% \ 0 0 0 0 1 /

The stationary Markov chain model is associatedh Wit power of one step transition probability rixatP which is a
common estimate of the transition probability nwsi over the past months, on the assumption thaprbbabilities are
stationary over time. By equation (2.3), we compghtetransition probability matriR® from the transition counts of theD,
cells from January-June 2010 and use it to testtfieacy of the model.

Table IV: Represents the transition probability maRifrom the months of January-June 2010.

I 0.328 0.318
I 0.307 0.335

P = I 0.235 0.298
\ 0.233 0.324
\Y 0 0

11

0.211

0.209

0.315

0.289
0

v
0.127
0.135
0.138
0.138
0

\Y
0.01
0.01
0.01
0.01

1

By equation (2.5) we make predictions of @8, cell counts for the month of July-December, 2010.

Table V: PREDICTION OF THE CD, CELL COUNTS FOR JULY-DEC. 2010
AUGUST 2010

JULY 2010

| 237
I 257
1l 234
v 252
V 0
SEPTEMBER 2010

[ (2230
Il 224
1l 222
v 222
\ .0 _
NOVEMBER 2010

| 2197
I 220
1l 220
v 218
\/ .0 _

| 235
I 236
11} 234
\Y; 234
Y 0
OCTOBER 2010
| (" 217
I 218
M 216
\Y, 216
\Y 0
. J
DECEMBER 2010
| 204
I 205
11} 205
\Y; 204
\/ . 0 _

These predicted values represents the actualtiansounts of th&€D, cells in each state in these months July-December

2010.
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Table VI: Represents the comparison of the predi€Bg counts and the actual countsGi, cells.

COMPARISON OF THE ACTUALCD, CELL COUNTS AND THE PREDICTERCD, CELL COUNTS

JULY AUG SEPT OCT NOV DEC

STATE | ACTUAL 258 231 232 256 242 224
PREDICTED ABS 237 235 223 217 219 204
ERROR 21 4 9 39 23 10
JULY AUG SEPT OCT NOV DEC
STATE Il ACTUAL 259 256 251 252 223 223
PREDICTED ABS 257 236 224 218 220 205
ERROR 2 20 27 34 3 18
JULY AUG SEPT OCT NOV DEC
STATE Il ACTUAL 228 228 237 231 243 231
PREDICTED ABS 234 234 222 216 220 205
ERROR 6 6 15 15 23 26
JULY AUG SEPT OoCT NOV DEC
STATE IV ACTUAL 224 249 238 238 237 242
PREDICTED ABS 252 234 222 216 218 204
ERROR 28 15 16 22 19 38
JULY AUG SEPT OoCT NOV DEC
STATE V ACTUAL 0 0 0 0 0 0
PREDICTED ABS 0 0 0 0 0 0
ERROR 0 0 0 0 0 0

MEAN ABSOLUTE ERROR (MAE) = 15.63

Table VII: Represents the predictéiD, cells for the month of January-June 2011.
PREDICTION OF THE TRANSITION COUNTS O€D, CELLS

OVER THE MONTHS OF JANUARY-JUNE 2011

STATE JAN FEB MARCH APRIL MAY JUNE
I 195 268 258 250 239 229
Il 195 269 259 251 240 230
1] 195 270 259 251 240 230
[\ 195 269 258 251 239 229
Vv 0 0 0 0 0 0

5.0 Conclusion

The stationary Markov chain model is applied irstbiudy to capture AIDS dynamic progression of tept It is a
multi-state model that considers the randomnesiseofime that the patient spends in a given stitieeodisease based on the
epidemiological state of théD, cell counts. The model allowed for the predictafifuture CD, cell counts with a mean
absolute error (MAE) of 15.43. As a predictive mstate model, clinician and other health workéat are often confronted
with the problem of future forecast 6D, cell counts may find the model useful in predigtfoture Biomarkers.

APPENDIX A
NOTATIONS
The notations used are defined as follows.
K = the number of states in the system
T = Calendar times in months, T =0, 1, 2...
n;; = the number of patients in statén month T who transited into stgtén month T + 1.
n; = number of patients in statet the beginning of the month T.
n; +1(T) = number of patients who died from statat month T.
= 24 is the probability that a patient in statgansits to statg at the end of the month T.
ni(T)
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7. N(T) =YX, n;(T) = Total number of patients at the end beginninghefgeriod.
8. Wy(T)= nl:%;gn = death rate of patients in stdtat the month T.
9. n,;(T +1) = new entrants into statg¢st the beginning of the month T.

APPENDIX B:
FEBRUARY 2010 | I I v Vv TOTAL
CD, > 500cellshm® | 110 | 90 50 15 2 267
350 <CD, < 500cellsim® I 80 | 120 55 15 5 275
200 <CD, < 350cellsim® M 65 | 90 70 30 80 | 263
CD, < 200cellsinm® v 60 | 84 85 20 1 250
DEATH Vv 0 0 0 0 0 0
MARCH 2010 | I M WV, Vv TOTAL
CD, > 500cellshm® | 95 | 86 50 20 9 260
350 <CD, < 500cellsim® I 75 | 90 50 37 8 260
200 <CD, < 350cellsinm® IT 70 | 95 80 24 6 275
CD, < 200cellsfinm® WV, 55 |85 80 24 6 250
DEATH V 0 0 0 0 0 0
APRIL 2010 | I 1l WV, Vv TOTAL
CD, > 500cellshim® | 60 | 80 70 50 13| 273
350 <CD, < 500cellsim® I 60 | 70 65 57 10| 262
200 <CD, < 350cellsim® IT 50 |75 80 21 2 228
CD, < 200cellsfinm® WV, 60 | 70 85 25 10| 250
DEATH V 0 0 0 0 0 0

MAY 2010 | I T WV, Vv TOTAL
CD, > 500cellshm® | 80 | 90 50 17 1 238
350 <CD, < 500cellsim® I 90 | 100 55 10 4 259
200 <CD, < 350cellsmn?® 1T 60 | 70 90 23 2 245
CD, < 200cellsim® vV 50 | 90 85 19 1 245
DEATH Vv 0 0 0 0 0 0

JUNE 2010 | I M WV, Vv TOTAL
CD, > 500cellshm® [ 90 | 80 47 40 1 258
350 <CD, < 500cellsimn?® I 70 | 80 60 47 2 259
200 <CD, < 350cellsim® 1T 50 |65 75 37 1 228
CD, < 200cellsim® vV 50 | 70 60 43 1 224
DEATH Vv 0 0 0 0 0 0
DECEMBER 2010 | I 1T WV, Vv TOTAL
CD, > 500cellshm® [ 83 | 75 50 35 1 244
350 <CD, < 500cellsimn?® I 75 | 60 50 35 3 223
200 <CD, < 350cellsin?® 1T 56 | 65 78 30 2 231
CD, < 200cellsim® WV, 58 | 86 60 35 3 242
DEATH Vv 0 0 0 0 0 0
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