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SUMMARY

The multistate hazards model, where more than one intercommunicating states are taken into consideration
to explain the transition from one state to another over time, provide more realistic interpretations of
the data from a prospective study. A multistate havard model for transition and reverse transition for
longitudinal data is illustrated in this paper. Simple test procedures for the parameters and the different
transition probabilities of the proposed model is also calculated. This proposed model is Hexible enough to
include unequal number of covariates in different transitions and provide us more realjstic interpretations
of the data. The potential risk factors at the transitions and reverse tratlsit.ions_ can be identified from this
model, where the results can be compared in relative terms. As an example the proposed model is applied
to the longitudinal data from Bangladesh Institute of Research and Rehabilitation in Diabetes. Endocrine
and Metabolic Disorders (BIRDEM ). The results based on proposed models, revealed some important
features of the patients in terms of their status regarding the disease which could not be obtained by using

the existing models.
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1. INTRODUCTION

In longitudinal studies, information about different subjects are collected at different time points as the
subjects are observed in relation to an event of interest for a specified period of time. The data collected from
this type of studies involved repeated observations that deals with change in the status under consideration.
The use of traditional statistical models where the models are based on only one transient state is not
adequate for analyzing such data. Hence we need to employ multistate analysis where more than one
intercommunieating states can be taken into consideration to explain the transitions from one state to

another over time.

In the class of multistate hazards model Lagakos (1976) proposed a stochastic model by allowing censored
observation in the analysis. To define this model, two health and one death state with only one way
forward transition between states are allowed. Other noteworthy highlights in Lagakos’s mode! are, this
model assumed that the observed survival times are exponentially distributed and the information about the
occurrence of an auxifiary event is used in the analysis of this model. As an extension of the model developed
by Lagakos (1976), Beck (1979) proposed a stochastic model for survival data analysis that incorporates
covariates. No direct reverse transition between two health states are ailowed in this model. The provision
of using different covariates in different transitions makes this model more general than Chiang's (1980)

illness-death process. Beck's model is only flexible for time independent covariates.

To include time dependent covariate in the multistate framework, Kay (1982} proposed an extension of
Cox’s (1972) proportional hazards model. The defined Hkelihood function in this model is similar to that of
Cox’s model except the definition of risk set. This modet includes several health state but reverse transition
is not considered. In 1994 Islam proposed an extension of Kay's (1982) model which incorporates reverse
and repeated transition. Since non-constant hazard rates are assumed in these two models, the estimarioy
procedure becomes complicated for a large number of nuisance parameters. In 1984 Klein et al. proposed
another multistate hazard model which is applicable for only one time dependent covariate hased on a
hierarchical approach. Anderson et al. (1993) discussed the multistate hazards model in counting process

framework.,

In this study, the model proposed by Beck (1979) is extended for transitions and reverse transitions and is
applied to the diabetes mellitus data from Bangladesh Institute of Research and Rehabilitation in Diabetes,
Endocrine and Metabolic Disorders (BIRDEM ) to show the utility of such models in rea life situations,
This model is also used to predict future disease status for an individual by using their given information
about different covariates. Diabetes is such a disease that the disease status of an individual having diabetes
mellitus is frequently changed over time. These changes may be attributed to severa) factors?'. On the basis
of information about these changes over time with corresponding covariates for each individual, in this study

we use a multistate analysis to identify the important factors which may influence the transitions from one
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state to another state of the disease. We can also examine and compare the characteristics of individuals that
influence transitions and reverse transitions. In constructing this model, we try to overcome the Hmitations

of the existing models which are inadequate to cover the changes in respect of diabetes mellitus.

2. AN EXTENSION OF BECK’S APPROACH

In the previous section it has been noted that one of the limitations of Beck’s model is that it can not be
used for reverse or repeated transitions. To include reverse transitions in fhe model, Beck’s suggestion to
allow new states in the model has been adopted in this study. To construct such mode} it is assumed that

the survival times are exponentially distributed,

2.1 THE MODEL

The blood glucose level (BGL) is a measure of glucose concentration in blood which is usually used to
establish the diagnostic status of diabetes mellitus, In this study we only consider non-insulin dependent
diabetes mellitus (NIDDAS). The NIDDAM can be classified in terms of impaired glucose tolerance (IGT)
and diabetes mellitus {DAf), where IGT denotes borderline diabetes and DA denotes confirmed diabetes,
Those who use insulin are treated as insulin dependent diabetes mellitus (IDDAI) in this study. In this
study, it is assumed that initially all the individuals were IGT at the time of registration at BIRDEA],
The disease stataus of diabetes mellitus is not changed frequently. Usually a patient visit, BIRDEA! when
sorne problem arise. That is, for a specific visit if the disease indicator is changed then the exact transition
time and the time of patient’s visit do not differ subtantially. In this study, the patient’s follow-up times
are considered as their exact transition/survival times. Moreover, in this type of multistate frame Anderson,
Hansen and Keiding (1991) showed that the transition probabilities are not changed significantly under this
assumption when it is not correct,
For the proposed model we consider four states of which one is absorbing *death” state and others are
transient “health” states and can defined in respect of diabetes mellitus as follows:

s1: State for the patient having BGL < 11.1 mmol/litre, i, e, for IGT,

8¢ State for the patient having BGL > 11.1 mmot/litre, i. e. DA,

s3: Controlled DA (CDAI) state i, e. having BGL level same as state s1,

84: State for the patient who use insulin, i. e. IDDA{.

Among the patlents who were in state s; at the time of entering into the study is selected for our analysis.
We used all the available information from these patients till the end of study period to estimate different
parameters and to obtain different useful probabilities by using the proposed model. For computational
simplicity, we consider the patient’s information upto the first order reverse transition and we exclude the

information after that transition for an application of this model.
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To construct the proposed model we also assume that the patients who enter a new state can not return
to the previous state. And under this assumption we consider the following transitions

(i} 51~ 59

(i} 81 — 5p — 53

(iii) 83 ~— 54

{iv) 5 — 89 ~—+ 54

{(v) 51 — 89 —+ 53 —+ 54.
Here the transition s; — s — s3 gives the first order reverse transition. At the end of the study the
patients who were observed in state s4 are considered to be in the state of failure and remaining observations

are considered to be censored in the context of such transition.

A flow diagram of the proposed model with associated hazard functions is demonstrated below:

IGTr DAs

Arg A24

TDDA

Figure 1

A Flow Diagram for Displaying the Transitions among
States of Diabetes Mellitus.

Let t;;, 7 = 1,2,3 be the exact time that the ith individual i = 1,2, ... n spends in the state s ;. Now corre-
sponding to different transitions let us define hazard rates which are function of covariates but independent

of time are given below:

Argi = Aggp et Bz
Mg = Aggemiei Fu
A23i = Aogg e@2%i Bus {2.1)

Aogi = Aggg e72ei Pas

Aggi = Aggg %4 B ) ‘
where Aip0, Azsn, M40, dodo, and s are the arbitrary baseline hazard functions, and Bs2. Baz, Bis, Pos

and fs4 are the unknown vector of parameters corresponding to the covariates zy4, £33, 2y4: #24 and z3y,

respectively.
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2.2.ESTIMATION OF PARAMETERS

Now to obtain the m. 1 e. of the parameters set § = (A, BY, let us define the indicator variable ejks, for
F=1,23and k=1,2,3,4 as

n

o 1, if éth individual enters sy, from 33,
k= 0, otherwise.
In this case the vector A and g takes the following form
A= (M20; Avso, A230, A240, Aaa0)’ s B == (B2, B4, Bas, Baa, Bag)’
and & be a vector of order b = (bys + bog + byy + byy + b3y + 1}, where by be number of covariates are used

for the transition sy — s and | be the number of underlying hazard rates.

By using the expression of defined hazard rates (1), the log-likelihood function of the parameter vector ¢ for

this model can be written in the following form
n

IOgL(B) = Z [—d!itli()\mo e=17i 12 + Aygg ™4 'G"‘) — dast3; Aggg €5 Bsa +- dg,-(log Ao + 219; Bh2)

i=1

—daitai{Aza0 €% B2 o Nyyg @i Bary 4 das(log Anso -+ 203; ag) + dii{log Arao + 214 Bry)

+ dsi(log Asag + 2245 Boa) + dei(log Azap + 234; Bss)]. (2.2)

where
Ave = (A2 + Arge)s Aai = (Rogi + doai), Aai = Aays

dii = e11; + €121 + €937 + €14i + €04; + €345, dp; = €12i + €23; + €24i + €344, d3; = €23y + €aqy,
and dp; = eprgi, forh =4,56 and ' = 1,2, 3.

To obtain the maximum likelihood estimator of = {}, B) we use Newton-Raphson iterative procedure and
for the initial estimate of 6, let us consider the regressors have no effect, i. . 897 = 0. Then the crude
estimate of the baseline hazard rates A(® can be obtained by assuming that the first recorded time in new
state is.the exact time of entry into that state. Hence we have for transition from state s, to g

30 number of transitions from state sy to s,
ko total time spent in state s, '

One can also take these initial estimates by using the prior information about the parameters to be estimated.

To infer about the parameter ¢ = (), 5) we use simple Wald’s test and likelihood ratic test procedure in this
study. For instance, to test the significance of the covariate set we consider the null hypothesis Hy: 8 =0,
the test statistic
L
x.‘! =—2}0g[ ( )J .

L(8) 23)

where L(8) be the likelihood function under null hypothesis and is obtained by using the m. 1. e. of underlying

hazards rates A and parameters corresponding to the covariates # = 0 in the likelihood function, and L(§) is
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the likelihood function with the m. 1. e, of full parameter set § = (X B). This 2 follws chi-square distribution
with § d.f.

2.3. ESTIMATION OF TRANSITION AND SURVIVAL PROBABILITIES

On the basis of the proposed model, we can easily obtain different transition and swrvive] probabilities for
a given covariate set which may help us for the prediction of the future disease status. The transition and

survival probabilities for this model can be estimated from the following expressions:
The probability that the ith individual will not change his disease state &1 during the interval {0,t) is given
o -
Py(8) = Pr{ith individual is in state &3 at time 0 will
remain at state s; at time ¢ }

= gt {2.4)
An individual’s probability for the transition from state 81 to 53 during the interval [0.¢) can be obtained
from the following expression

Piai(t) = Pr{ the ith individual is in state s; at time 0 will

be in state s; at time ¢ }
A1z

- —Aaat _ pmhiat 05
= e e . 3
(Ari = Aay) [ ) 23)
Similarly
Posi(t) = Pr{ the ith individual is in state s, at time O will be in

state sy at time r and in s3 at time £, ¢ > )}

Mz Aos; (e—/\:&.it — A2 1) ~ (e-'l:m L e=A t)] (‘} G}
(Ars = Ao} (A2i Azq) (Ari = Az} -
Then we can easily obtain the survival probabilities of the ith patient at time t as
Si(t) = Pr1i(t) + Proi(t) + Pogi(t) (2.7)

i. e, 5j(t) indicates the probability that ith individual will remain in the transient states during the interval
(0,2).

The death transition probabilities are obtained by the following relationships

Quait) = 51~ ehnt],

Osuslt) = ﬁﬂ&% [ALi(1 — e 2it) o 2 (1 — oM o, o5
- Arzidgn Ao (1= M Ty dy j(Lemg™ P 'y L

Qaai(t) EIRES viey R P v v e

LAl o, (1A
A Agi(di—Aag) '

Now by using the m. 1. e. of 0 in these expressions i. e. in the equation (2.4} to (2.8}, we obtain the estimate

of the different transition and survival probabilities associated with the proposed model.
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3. AN EXAMPLE OF THE MODE]L,

3.1. DESCRIPTION OF THE DATA

The data set collected by BIRDEM is used for this example which is illustrated in this section. BIRDEA!
has been providing services to diabetic patients since 1956 and is the only source of data on diabetes in
Bangladesh. The information on all the patients who visit BIZDEM since the first diagnosis of the disease
until the death or loss to follow-up of the patients are recorded over time. In BIRDEAM!, a comprehensive
record sheet is maintained for each patient. This record sheet contains information regarding patient’s
demographic and socioeconomic characteristics, family history, diet, physical conditions, clinical features,
different medical investigations, etc. After each patient arrives at BIRDEM, they are interviewed by
social officer, dieticians and doctors in order to fill-up this record sheet. In addition a follow-up sheet also

maintained for collecting information from patient’s each visit to BIRDEM after registration.
g

3.2. ANALYSIS AND DISCUSSION

Though BIRDEAM has a large collection of data on diabetes mellitus, but for this study we have selected
only those individuals who were registered in BIRDEM between January, 1984 to December, 1984 and
belong to state s, at the time of registration. A total of 4382 patients were registered in the year 1981 and
we only found 406 patients in state s, The frequency distribution of the selected patients (Table 1) shows
that about 70 percent of them are male and median age at registration is 46. In this study the number of
transitions completed by the patients in the entire study period is shown in the following table.
Table 1
Observed number of Transitions During 1984-94 for the patients
Registered at BIRDEA! in 1084

Type of transition Number of transitions | Percentages
§; — 5 124 19.9
8] —+ 82 221 35.47
51— 84 60 9.63
81 — §g ——+ 84 _ 13 2.09
8] —* 59— &3 159 ~25.52
8t 8 — 83 ~ 54 46 7.38
Total 623 160

Table 1 shows that about 20 percent of the patients do not change their status from IGT and about 35
percent moved from IGT to Diabetes Mellitus (DAJ) during the follow-up period. Slightly more than 25
percent of the patients return to JGT from DM and transitions to insubin dependent state s4 from all other

states is not large enough.
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By using the selected variables (age and sex), three models are considered in this analysis which are:
Model A: Age is the only covariate in the model,
Model B: Sex is the only covariate in the model,

Model C: Age and sex are included in the model.

The estimated value of hazard rate, covariate corresponding age and sex for the Model 4, B and C are’

displayed in following table 2.

Table 2
The Estimates of Different Parameters for Model A, B,and C

by Type of Transitions

Type of transition | Parameter | Model 4 Model B Model C
IGT to DM A120 O98TE-031 | .5231E-031 | .897TE-037
{s1 — 839) Age - 1115E-011 - - 1126E-011

Sex oo- .2431 1514
IGT to IDDAL Aldn D435E-031 | (1598E-037 | .5522E-03¢
{51 — 84) Age -.2654E-011 - -2655E-011
Sex - -2773E-0L | -.1R00E-01
DAL to CDM Az230 2498E-021 | .3101E-02) | .1921E-02¢
(s2 — s3) Age 1640E~017 - J1126E-01¢
Sex - 6763t | 7524
DA to IDDAM A240 W3921E-04 | 2163E-03 | .3271E-04
(89 ~—— 84) Age 4917E-01 ¢ - 4237E-01
Sex - 8879 7588
CDM to IDDAM Az40 SLTTE-03 | 5991E-03f | .4419E-03
(83 — 54) Age 9G20E-02 - S7063E-02
Sex - 3811 1513
-2 Log Likelihood?tt 263t 74.62% 420.47

1p<0.05

ftindicate the value of chi-square for testing the significance of covariate set

From Table 2, we observe that age has significant contribution in every transitions except CDA to TDDAS
in Model A and is negatively associated for both the transitions from IGT state. In case of underlying
hazard function, we observe for both the transitions to IDDAS from DA and CDA are non-significant. To

test the significance of the covariate set 5 = (812, Bra, Bos, Baq, Pas)', we take the null hypothesis as
Hy: g=0.

For testing this null hypothesis, we use the likelihood ratio test procedure and the m. . e. of A is used to
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obtain the value of conditional log-likelihood function. The table 2 indicates that age has significant effect

for this model.

For Model B, table 2 also shows that, the variable sex has significant contribution only for the transition
DA to CDM. The transition of the type JGT to TDDAS does not appear to be significantly different
for males and females. For all other types of transitions, males are more likely to move from one state to
another. Like Model A, here the underlying hazard rate for all the transitions except DM to IDDM is
significant. From Table 1 we observe that the number of transitions for DA to IDDAS is only 2 percent of
all the transitions. Like in Model 4, by useing the likelihood ratio test procedure, we get the covariate set

is significant for model B also.

For Model C' from Table 2, it is evident that except for the transition typ;, CDAI to IDDAL, the variable
age has significant contribution to all other transitions and these estimates are consistent as compared with
that of Model A. It appears that sex is significantly associated with the transition of the type DAS to CDAI.
This resuit is consistent with that of Model B. For Model & the underlying hazard rate is non-significant for
transitions of the types DAS to JDDM and CDM to IDDM. This result is consistent with that of Model
A. In addition Model B shows the transition of the type CDM to IDDAM, the underlying hazard rate is

significant. Like other two models A and B the covariate set of model A is also stgnificant.

For model ' in addition to the above test, we try to reveal significant difference betweer the regression

co-efficients of the the transitions to state s, from states s; and 83, by considering the following hypothesis
Ho: frg = fgq

Here we also used the likelikood ratio test procedure and value of test statistic -2 In LR=4 {(p>0.05), indicates

that the hypothesis may be accepted.

4. CONCLUSION

The analysis of repeated observations arising from longitudinal data deals with change in the status under
consideration. For instance, an individual who is normal now, may develop mild state of disease during the
next three months, and then he or she can move to severe state of the disease or may be cured in next
stx months. In this situation, use of traditional statistical models, where the models are based on only one
transient state, can not adequately address these problems. Hence, we need to employ multistate analysis
where more than one intercommunicating states can be taken into consideration to explain the transition
from one state to another over time. In this study Beck’s (1979) model has been extended in this regard
that can cover the transitions, reverse transitions and repeated transitions.

As an application of such extension, the problems associated with the changes in the status of diabetes

mellitus has been used. For studying this type of data properly, it is necessary to define some states of the
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disease according to different stages of that disease. For an individual the transitions between these states
over time is regarded as a random variable and give some important inform;ztion about disease progression.
For utilizing the information about different transitions between states of disease in the analysis of the
lifetime data, the concept of multistate hazards model is introduced. In addition, the influence of covariates

on transitions may also be included in the construction of multistate hazards madel,

This study is based on 406 patients who were IGT at the time of registration in BYRDEM. To keep the
analysis simple, two covariates {age and sex) have been used for the application of this model. In this study,
in the presence of covariates, three models A, B and C are defined. From the analysis of these models, it
is observed that though the parameter sets corresponding to covariates are significant, but individually all
the parameters are not significant. The covariate age, gives consistent result for both Model 4 and C, we
found age as significant for all other transitions in these two models except the transition from controlied
DM state to insulin dependent state. For both these models we found age is negatively associated only for

any transition from IG7T.

Similarly for sex, we found except for the transition to remission state, the variable sex has non-significant

contribution to all other transitions for both the models B and C.

On the other hand, for underlying hazard rates A120, Arg0 and Azap are found significant in all the three
models and Ay is significant only for model €. In this situation our observation is that the less number of
observed transition from controlled DAS state to insulin dependent state may have influenced the estimation
of 3 and X in the opposite direction. For testing the equality of 84 and B4, the likelihood ratio test
procedure gives evidence that this equality may exist in the population.

It is noteworthy that we can obtain a wide range of information through applications of the proposed
models. The proposed models use the longitudinal history regarding the disease status in its natural order
of occurrences of events, Hence the proposed models can be utilized to obtain more realistic information
regarding the factors influencing in the change of the status of a disease. ‘The proposed models have a serious
limitation as well. They give better estimate but at the cost of complexity in programming the equations
from which solutions are obtained. However, in this world of modern computer facilities, we can take this

challenge confidently.
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