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Clinical decisions often have long-term implications. Analysts encounter difficulties
when employing conventional decision-analytic methods to model these scenarios.

This occurs because probability and

utility variables often change with time and con-

ventional decision trees do not easily capture this dynamic quality. A Markov analysis

performed with current computer software programs

provides a flexible and convenient

means of modeling long-term scenarios. However, novices should be aware of several

potential pitfalls when attempting to use

these programs. When deciding how to model

a given clinical problem, the analyst must weigh the simplicity and clarity of a conven-

tional tree against the

fidelity of a Markov analysis. In direct comparisons, both ap-

proaches gave the same qualitative answers. Key words: decision analysis; expected
value: utility; sensitivity analysis; decision trees; probability. (Med Decis Making 1997;

17:152-159)

Markov Processes—General Principles

part 2 of this series discusses the construction of
a decision tree for the management of possible giant
cell arteritis (GCA) in order to illustrate the princi-
ples of medical decision analysis." The model con-
siders the short-term consequences of three treat-
ment strategies: treat all patients with steroid, treat
no patient, and perform a temporal artery biopsy
and treat only those with positive results. Despite the
comprehensive structure of the decision tree, there
is a long-term management issue that is not cap-
tured by the model. Since the acute arteritis may
relapse, maintenance steroid prophylaxis for up to
two years has been recommended. However, long-
term use of corticosteroids may lead to a number
of complications. The treatment decision is vexing
because the sequelae of both the disease and the
prophylactic therapy may be permanent. A more re-
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alistic model would consider the short-term conse-
quences of the treatment decision as well as the
long-term tradeoff between the risk of relapse and
the chance of a serious complication from steroid
treatment. Indeed, many clinical decisions have
long-term implications for patients, and & general
decision-analytic strategy is required to handle these
problems.

With respect to the GCA model, the most straight-
forward solution is to add branches representing a
relapse and its consequences to the existing tree and
extend the horizon of the analysis. Unfortunately,
this approach creates three problems for the ana-
lyst. First, probability values may change with time,
which complicates their calculation. For example,
thie probability of a GCA relapse might decrease with
time. In this case, the analyst could base the esti-
mate on the assumption that all relapses occur at
the midpoint of the time horizon—which is
unrealistic—or could employ a time-averaged prob-
ability of relapse—which may be difficult to derive if
the probability changes in a nonlinear fashion. Sec-
ond, the extended horizon creates problems when
computing utility values. Tor example, a conven-
tional decision tree would have one term for the
disutility of a GCA complication. However, most pco-
ple are less concerned about an adverse cvent that
might occur in the future compared with one that
might occur in the present—a process known as
“discounting.” In general, the values of utilities and
disutilities should change with time. Again, the an-
alyst would be forced to employ cither “midpoint”
or time-averaging methods to calculate these varia-
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bles. Third, it is often desirable to consider events
that may occur over a lifetime. A conventional de-
cision tree requires the analyst to explicitly state the
length of the time horizon in order to compute
probabilities and utilities, yet life-spans vary. Calcu-
lating appropriate probabilities and utilities for use
in a decision tree based on an indeterminate hori-
zon is not straightforward.

A Markov process is a modeling technique, de-
rived from matrix algebra, that solves many of the
difficulties encountered when trying 1o fit the
“square peg’ of a long-term clinical problem into
the “round hole” of a conventional decision tree. At
first glance, a Markov process may appear to be a
radical departure from the standard decision tree;
however, the two modeling approaches do have a
conceptual similarity. A conventional tree describes
the ways in which a cohort of patients in one health
state might end up in other states over a fixed time
period. For example, patients in a state defined by
the presence of GCA may suffer a complication of
the disease (such as vasculitis of the ophthalmic ar-
tery) and enter a new health state defined by the
chronic sequelae of the complication {(blindness).
Markov processes also characterize the transitions
of a cohort of patients among a number of health
states. However, instead of considering health-state
transitions over a fixed time period, a Markov pro-
cess is concerned with transitions during a series of
short intervals or cycles.

When constructing a Markov process, the analyst
first delineates a set of mutually exclusive health
states that patients might reasonably experience
(e.g., WELL, SICK, and peap—figure 1). He or she next
determines the ways in which patients in these
states might behave during a brief time interval or
cycle. For example, patients in the weLL state may
stay well, become sick, or die during any given cycle.
Patients in the sick state may remain ill or die, while
patients in the DEAD state must remain dead. Each
of these contingencies is called a “state transition”
and has an associated “transition probability.” The
duration of a cycle is arbitrary and depends on the
nature of the clinical problem being modeled. One
year may be an appropriate length for conditions
with low frequencies of clinical events, while shorter
cycle lengths may be more suitable for acute ill-
nesses.

A bubble diagram (figure 1) is an intuitive way to
visualize a Markov process. The health states are
represented by rows of bubbles, with one row for
each cycle. The transitions between states arce de-
noted as arrows with the transition probabilities
written beside them. The distribution of patients
among the health states at the beginning of the pro-
cess is determined by the analyst. For example, the
analyst may wish 1o consider a cohort of patients
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FiGURE 1. Bubble-diagram representation of a three-state Mar-
kov process. In this process, patients may exist in one of three
states: WELL, SicK, and DEAp. Each row represents one cycle of
the Markov process. Within each row, the states are represented
by ovals. Transitions between states are represented as arrows
linking the ovals. The transition probabilities are written beside
the arrows for the first cycle (these probabilities remain constant
for this particular process). The fraction of the cohort in each
state at the beginning of each cycle is shown in the box below
the row. The incremental utilities for the wELL, SiCK, and DEAD
states are 1.0, 0.6, and 0.0, respectively (not shown). The total
incremental and cumulative utility for each cycle are shown in
boxes to the right of the row. Total = total incremental utility,
Cumulative = cumulative utility (see text for definitions of total
incremental and cumulative utility).

who are all initially in the weLL state (fig. 1). In sub-
sequent cycles, the distribution of patients among
the states depends on their distribution in the pre-
vious cycle and the transition probabilities between
the states. The rows of the process are analogous to
the frames of a movie—each cycle or frame is a
snapshot of the cohort during a brief period of time.
Moving down row by row through the process is
similar to running the {ilm through a projector: the
analyst is able to observe the behavior of the cohort
forward through time.

After constructing the Markov process and con-
sidering the transition probabilitics, the analyst as-
signs to each state an incremental utility that indi-
cates the relative value of occupying it for one cycle.
For example, incremental utilities of 1.0, 0.6, and 0.0
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could be assigned to the WELL, siCK, and DEAD states,
respectively (i.e., a cycle spent in the sick is equiva-
lent to 0.6 months spent in the weLL state). That is,
the members of the cohort who spend one cycle in
the sick state each contribute 0.6 quality-adjusted
life months or QALMs to the total for the cohort.
Multiplying the incremental utility for each state by
the fraction of the cohort occupying that state and
then summing across all of the states yields the total
incremental utility generated by the cohort for a
given cycle. Thus, during the second cycle (fig. 1),
the total incremental utility is [1.0 X 0.75] + [0.6 X
0.2] + [0.0 X 0.05] = 0.87 QALMs. Notice that the
total incremental utility would have units of quality-
adjusted life years (QALYs) if the cycle length had
been one year.

The cumulative utility is running tab of the total
incremental utility generated during each cycle. For
example, after three cycles the cumulative utility is
1.0 + 0.87 + 0.72 = 2.59' QALMs (fig. 1). Although
the cumulative utility increases as the number of
cycles increases, it tends toward a limiting value.
This occurs because the DEAD state is an absorbing
state (i.e., patients may enter but may not leave) and
its incremental utility is 0. As the cycle number in-
creases, more and more of the cohort die, which
leaves progressively fewer individuals to generate in-
cremental utility. Usually the analyst terminates the
process when the total incremental utility generated
during each subsequent cycle would be less than a
minimum value (e.g., 0.0001 QALMSs). The cumula-
tive utility at that point is considered to be the “out-
put’ of the Markov process, just as the expected or
average ulility is the output from a conventional de-
cision tree. For the three-state process, the total in-
cremental utility generated by each cycle ap-
proaches zero after 60 cycles and the cumulative
utility at that point is 5.2 quality-adjusted life months
(i.e., the output of this process is 5.2 QALMs—fig.
1). Terminating the process when the total incre-
mental utility drops below a threshold solves one of
the shortcomings of a conventional decision tree:
the analyst is not required to specify the time hori-
zon of the analysis a priori. Indeed, different cohorts
within the same decision model will experience dif-
ferent numbers of cycles depending on the per-cycle
probability of being absorbed.

Markov Analysis Applied to the GCA
Problem

In the following sections, aspects of the creation
of a Markov analysis are illustrated for the GCA
problem. We use terminology and modeling conven-
tions employed by smLUTREE (Hollenberg JP. Version
2.9. Roslyn, NY) and bpEecisioN makir (Pratt Medical
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Group, Boston, MA), the two most commonly used
decision-analytic computer programs. We define a
“‘Markov analysis' as a decision model that contains
Markov processes as elements of a larger structure.
For example, figure 2 shows Markov processes in-
corporated into the GCA decision tree. Within the
main tree, patients may either truly have GCA or
have another condition. For those who undergo
temporal artery biopsy, the result may be either pos-
itive or negative depending on the presence or ab-
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FIGURE 2. Main tree with Markov subtrees. The main tree in-
dicates three management options for patients with possible gi-
ant cell arteritis (GCA): Rx NONE (give steroid to no patients), Rx
ALL (give steroid to every patient), and Biopsy (perform a temporal
artery biopsy and treat those with a positive result). The subse-
quent structure indicates the true underlying condition of pa-
tients and the result of a temporal artery biopsy (if patients are
tested). The result of this test is a function of the prevalence of
GCA and its sensitivity and specificity. A common Markov sub-
tree, “outcome,” is attached to each branch of the main tree.
Binding expressions located on the main tree indicate whether
or not patients really have GCA and whether or not they receive
steroid. Examples ol these binding expressions are shaded.
“pOther” is an indicator that is bound to the value of 1 for pa-
tients who have an alternate diagnosis and 0 if they really have
GCA. “onrx" is another indicator, which is bound to the value 1
on branches where patients are treated and 0 elsewhere. These
two indicator variables are used within “outcome’ so that the
same subtree structure can be attached to different places on
the main tree (see text). Notice that, for clarity, several binding
expressions are omitted from the diagram. No GCA = an alter-
nate diagnosis; Bx Pos and Bx neg = positive and negative biopsy,
respectively; pGCA = probability of GCA; sens = sensitivity of
temporal artery biopsy; spec = specificity of biopsy.
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URE 3. Markov subtree “outcome.” A Markov sub-
e consists of a Markov node (indicated by the oval
h the infinity symbol) and its branches, which rep-
ent the states of the Markov process. In the process
wresented by the “outcome’ subtree, there are seven
tes: OTHERDX, GCA, OFFDRUG, SC, GC, SCGC, and pEAD
e text for descriptions of these states). The proba-
ity value beneath each branch indicates the fraction
the cohort initially in that state. Special binding ex-
sssions for the variables m.umnit, m.uincr, and
uraiL are located on each branch but are not illus-
ted. Each branch is connected to a cycle tree that
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licates the transitions between states during a given
de (see figs. 4, 5, and 6). oTHERDX, GCA, OFFDRUG, 5C,
, SCGC, and peap = states of the Markov process;
roid Comp = steroid complication; pSC = proba-
ity of a steroid complication per cycle; Suscept =
sceptibility to a GCA complication; pSuscept = prob-
lity of being susceptible to a GCA complication; Re-
se = relapse of acute GCA; pRel = probability of
ite GCA relapse per cycle; pDie = probability of
ath. Other abbreviations as in figure 2.

nce of GCA and the sensitivity and specificity of
e test. Subsequent events are modeled by Markov
ocesses that are represented by a special struc-
re: the Markov subtree “‘outcome.”

Folding back the model occurs in two steps. First,
ch Markov subtree is evaluated in turn—i.e,, the
itput from each is computed. Binding expressions
istream from “‘outcome’” allow the same Markov
btree to function differently when attached to dif-
rent branches of the main tree. In other words,
e numbers of QALMs generated by “outcome” will
: different on the various branches of the main
ze. Second, the main tree is folded back in the
wual fashion except that the value of each of its

anches is the number of QALMs generated by the .

tached Markov subtree rather than a conventional
ility. Folding back to the decision node yields the
1ality-adjusted life expectancy li.e., the average or
pected number of QALMs)} associated with each
-ategy. The optimum strategy is the one that yields
e greatest quality-adjusted life expectancy. Notice
at the cycle length for the analysis is arbitrarily set
one month. If a cycle length of one year had been
1osen, the output of the model would be in terms
quality-adjusted life years (QALYs).

The structure of “outcome” consists of a Markov
yde and its branches. Each branch represents one
the health stales associated with the process (fig.
s ornerpx {patients with alternate diagnoses); GCA
aticnts who truly have GCA); orrnpruc (patients

9 [Ean)
pDie
outcome (;G\SC
0
live
L£_j
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who began the process in GCA, had a steroid com-
plication at some previous cycle, and are now off
the medication); SC (patients initially in oTHERDX who
had a steroid complication); GC (patients initially in
GCA who had a GCA complication); SCGC (patients
with GCA who had both a GCA complication and a
steroid complication); and DeAD (patients who died
during a previous cycle). The set of probability ex-
pressions written under the branches of the Markov
node has a special meaning: it represents the initial
distribution of the cohort entering the process. The
probabilities under the orrpruUG, SC, GC, SCGC, and
DEAD states are zeros, which indicates that none of
the cohort occupies these states initially. The value
of "“pOther” is bound upstream from “outcome
(fig. 2). If "outcome” is attached to a branch repre-
senting patients who truly have GCA, “pOther’ has
the value zero and all the patients begin the process
in the GCA state. The opposite happens for “out-
come” subtrees attached to branches representing
the absence of the disease. This allows the same
subtree structure to function appropriately when at-
tached to different places in the main tree and
spares the analyst from having to construct a unique
subtree for each branch of the main tree.

In smrrreE, each branch of the Markov node has
a set of special binding variables —m.uinir, mouineg,
and m.uraiL. The middle variable is the incremental
utility of the particular state, the value of the first
variable should be set to one-half of the incremental
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FiGURe 4. OTHERDX cycle tree. The possible transitions between
oriErDx and other states are shown. The probability of death is
modified in the upper branch with a regular binding expression
(not shown). Other abbreviations as in previous figures.

utility of the state (this is a correction factor that
increases the accuracy of the process), and, in al-
most all cases, the last variable should be set to
zero.? For example, if the incremental utility of the
SCGC state is 0.7, then the value of juSCGC would
be set globally to 0.7 and the following set of binding
expressions would be placed on the SCGC branch
of the Markov node: moauint: =0.5%1iuSCGC; m.uINCR:
=iuSCGC; mouran.:=0.0.

Each branch of the Markov node is connected to
a “cycle tree” that has a structure similar to that of

pSuscept .

die
Steroid Comp

Not Suscept

No Steroid Com
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a conventional subtree except that the terminal
branches to not have associated utility values. In-
stead, they indicate the states that patients will oc-
cupy during the next cycle. The chance nodes col-
lectively indicate possible transitions during the
course of a cycle and their probabilities. The Markov
subtree is equivalent to visualizing the process as
a bubble diagram but has the advantages of be-
ing more compact and providing more detail about
how the transitions occur between states. Patients
who do not have arteritis begin the process in the
OTHERDX state (fig. 4). If they do not experience a ste-
roid side effect and do not die of unrelated causes
during the course of a cycle, they remain in the
OTHERDX state; if they suffer a steroid side effect and
live, they transfer to the SC state; and if they die,
they are absorbed into the DEAD state. The proba-
bility of suffering a steroid complication, pSC, is the
per-cycle probability of that event and is set to zero
on branches in which patients are not treated with
corticosteroid (notice that these probability expres-
sions are different from those employed in Part 2 of
this series' in order to emphasize that they repre-
sent the chances of events per cycle).

Individuals who do have arteritis begin the pro-
cess in the GCA state (fig. 5). They are susceptible to
a GCA complication during the first cycle, when the
arteritis is acute, and in subsequent cycles if they do
not receive steroid treatment (see below). Depend-
ing on the sequence of events that occur during the
cycle, patients may remain in the GCA state or make

FIGURE 5. GCA cycle tree. The possible tran-
sitions between GCA and other states are
shown. Patients are susceptible to a GCA
complication during the first cycle and sub
sequent cycles if steroid prophylaxis is not
given. This is achieved through the usc of
passbindings (see text). The probability of
death is modified on the appropriate
branches with regular binding expressions
(not shown). The probability of a steroid
complication is modified by passbindings
(sce text). GCA Comp = GCA complication;
pGC = probability of a GCA complication.
Other abbreviations as in previous figures.
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nsitions into a number of others. If they suffer a
roid complication but not a GCA complication
d survive, the treatment is discontinued and they
nsfer into the oFFDRUG state (fig. 6). In this state,
sy face the possibility that acute arteritis may re-
yse and that a GCA complication may occur. The
, GC, and SCGC states represent the long-term se-
elae of having suffered a steroid complication, a
‘A complication, or both (fig. 3). They each have a
latively high per-cycle probability of dying and a
latively low incremental utility. The DEAD branch
presents the absorbing state with m.uInIT,
uINCR, and m.uTaIL all set to zero. Notice that the
oice to model the problem this way is arbitrary
d made for the sake of illustration.
The Markov subtree representation provides a
nvenient method for allowing probability and util-
' values to change with time. In sMLTREE, when a
arkov subtree is being evaluated, the number of
apsed cycles is recorded as a special variable
.CYCLE Special binding expressions, “passbind-
gs,” allow probability and utility values to be func-
yns of M.CYCLE.SMLTREE requires the use of pass-
ndings because of the way it evaluates regular
nding expressions. For example, let “pEvent”’ de-
>te the probability of an event in one of the cycle
ees of a Markov node. If a regular expression
JEvent:=b*m.cycLE” is placed on a branch up-
ream from a Markov subtree, “pEvent” is com-
ated with the current values of b and m.cycLE that
«st on the branch where the binding expression is
\cated. The value of the calculation is passed down-
ream. Since m.cycLE is zero outside the Markov
abtree, “pEvent” would have the unchanging value
f zero within the Markov subtree. In contrast,
1e expression “pEvent: =passbind(b*m.cvcLE)" in-
tructs the program to delay the evaluation of the
xpression until “pEvent” is encountered within the
1arkov subtree. At that point, the value of m.cycLE
; changing so that “pEvent” changes from cycle to
ycle as well. Regular bindings pass the value of an
xpression downstream, while passbindings pass
he actual expression downstream.

:xamples of the Use of Passbindings

Passbinding expressions do not need to be any
nore complicated than the one shown above. How-
wer, the use of more complex passbindings pro-
ides the intermediate to advanced analyst with a
slethora of modeling options. For example, if the
yrobability of a steroid complication falls as a de-
slining exponential function of time, the binding ex-
ression

“pSC:=passbind{pSCo*exp(—1*k*m.cvcLe)]”

Relapse
pRel 9
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die
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No GCA Comp

live

die

No Belapse

live _ DR

FiGURE 6. OFFDRUG cycle tree. The possible transitions between
oFFDRUG and other states are shown. Patients who have a steroid
complication but no GCA complication discontinue the steroid
and face the possibility of relapse of acute GCA and its compli-
cations. Abbreviations as in previous figures.

could be placed upstream from the Markov subtree
(where “pSC” is the probability of a complication at
a given value of m.cycLE, “pSCo” is the probability
at the beginning of the process, and k is the slope
constant of the exponential function). Since a patient
can experience a steroid complication only if he or
she is taking the drug, the passbinding expression
could be rewritten as

“pSC:=passbindlonrx*pSCo*exp(—1*k*m.cycLe)]l”

The new term is the indicator variable, “‘onrx,”
which is set to 1.0 on branches of the main tree
representing patients who receive steroid and set to
0.0 elsewhere. Thus, “pSC” has a non-zero value
only in “outcome’ subtrees attached to branches of
the main tree where patients are treated (fig. 2).
Passbindings can be even more sophisticated
through the use of logical expressions. For example,
if steroid therapy is limited to two years, then the
probability of a steroid complication should drop to
zero after 24 months. The passbinding expression
above could be rewritten as

“pSC:=passbind{{m.cvcLe < =24)

*onrx* pSCo* exp(—1*¥k*m.cvere)]”
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The new term is (m.cYcLE<=24), which is a logical
expression. It has the value 1.0 when m.cYCLE is less
than or equal to 24 (the expression is true) and the
value of 0.0 when m.cycLE is greater than 24 (the
expression is false). Compound logic expressions are
also possible. In the GCA cycle tree (fig. 5), only pa-
tients during the first cycle or those who never re-
ceive steroid are susceptible to a GCA complication.
Placing the expression

*pSuscept: =passbind((m.cycLe=1)!{onrx=0)]"

on branches upstream from the Markov subtree
achieves this feature. In sMLTREE, the ‘! symbol is
the logical “or” and the "&" symbol is the logical
“and.” Thus, “pSuscept’ has the value 1.0 if either
the process is in the first cycle, the patients are not
on treatment, or both, but has the value 0 if both
statements are false. Finally, some probability values
change in ways that are not easily written as math-
ematical expressions (e.g., the age- and sex-specific
mortality rates in the general population). Sonnen-
berg and Beck® provide a detailed explanation of
how to use the “_t_@lgs_’.’ facility of sMLTREE and DE-
CISION MAKER within passbinding expressions.

Passbindings may also be used to alter incremen-
tal utility values as functions of m.cvcLe. For exam-
ple, the pair of binding expressions

“years:=passbind(intim.cvcrLe/12))"
and
“tuornernx: =passbhindlivorurroxo/(discrate’years)]”

could be placed upstream of the “outcome’ sub-
tree in order to discount the value of being in the
oTHERDX state. The term “int(m.cycLE/12)” gives the
integer number of years that have elapsed when the
cycle length is one month; “(discrate”years)’ gives
the discount rate raised to the power of the number
of elapsed years; and "iuoTHERDX0" is the incremen-
tal utility during the first year. For example, if the
basé incremental utility during the first year is 0.90
and the discount rate is 5%, then after 31 months,
“years’ would be equal to 2 and “iuotHERDX” would
be 0.9/(1.05%) = 0.82. Thus, the combination of the
m.cyCLE variable and passbindings provides a con-
venient and flexible solution to the problem of prob-
ability and utility values that change with time.

Practical Considerations Regarding
Markov Subtrees: Bug-proofing

As the complexity of a tree or the resolution of the
Markov process (i.e., the number of cycles) in-

]
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creases, the importance of computational efficiency
rises. For the GCA problem, the main-tree-plus-Mar-
kov-subtree structure was employed because an
acute event (the temporal artery biopsy) was not
modeled to be a long-term consideration. In gen-
eral, however, if the Markov subtrees can be at-
tached directly onto the decision node (avoiding the
main tree altogether), the analysis will run more ef-
ficiently.” Decision trees that have Markov elements
may be especially difficult to debug. As for conven-
tional trees, one-way sensitivity analysis is used as a
debugging and analytic tool in decision models with
Markov subtrees. However, since an ounce of pre-
vention is worth a pound of cure, a few precautions
will help to avoid bugs. The most obvious mistake is
to set the termination criterion to be a total incre-
mental utility less than 0.0001 per cycle and then
omit an absorbing state. Without an absorbing state
that contributes zero (or very little) incremental util-
ity per cycle, the Markov process will never termi-
nate! Likewise, regular binding expressions of the
type “a:=a+1" are perfectly legitimate outside the
Markov subtree, but an expression “a:=pass-
bind(a+1)" will result in an infinite loop. Fortu-
nately, SMLTREE prevents the user from attempting
to incorporate self-referential passbindings. The ex-
perienced Markov modeler is wary of the errors dig-
ital computers may commit when performing math-
ematical calculations: i.e., errors due to rounding,
to overflow, and to the binary representation of real
numbers and integers. A prudent approach is to
constrain the results of an expression. If the prob-
ability of an event p is equal to a*b, then one should
write the binding expression as “p:=min[1,(a*b)].”
The “min” function gives the minimum of the two
values 1 and a*b, which constrains p to be less than
or equal to 1. Likewise, “p:=max{0,min(1,(a*b)]}"
constrains p to lie between 0 and 1. The “max’ func-
tion can also be used to prevent the process from
attempting to take logarithms of negative numbers.

Some “probabilities” in a cycle tree are more
properly described as rates—i.e., the chance of an
event per unit time. For example, “pSC"” is the
chance of a steroid complication per cycle. If the
analyst decides to change the cycle length, then
rates within the cycle-tree must be recalculated. The
most common way to adjust rates is to assume that
they are an exponential function of time:

P(@), = exp(—qt)

where P(JE), is the probability of not experiencing
an event over time t, and q is the slope constant of
an exponential function. An equivalent expression is

PISE), = [PITL),)

where P(JE), is the probability of not experiencing
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the event per unit time (see appendix). For example,
if the chance of experiencing a steroid complication
is 40% or 0.4 over one year, then P(JE), is 0.6 and
the probability of no steroid complication over one
month is P(ZE)Y"? = [0.6]"" = 0.958. Thus, the prob-
ability that a steroid complication does occur over
one month is roughly 4%.

Closing Comments

Like the clinical and health-policy scenarios for
which decision analyses are designed, the choice be-
tween a simple tree and one with Markov elements
involves a risk—benefit tradeoff. Simple trees that
have extended, fixed time horizons offer the advan-
tages of their simplicity: the tree structure is usually
easier to explain to colleagues li.e., the trees are
more transparent) and their behavior during sensi-
tivity analysis is usually easier to understand. As
noted in Part 4 of this series, decision trees invari-
ably have bugs, and it is often a much less onerous
task to find bugs in simple trees. However, simple
trees force the analyst to make less-than-realistic as-
sumptions about the behaviors of probability and
utility values over time. Markov processes solve
some of the limitations of the simple trees, but they
do so at the risk of adding a new dimension of opac-
ity and quirky behavior during sensitivity analyses.
Only one author has directly compared the per-
formances of simple trees and Markov processes.’
The use of the more complex models did not appear
to provide extra insight into the clinical problems:
that is, there was no qualitative difference between
the Markov and simple-tree approaches. However,
only ten decision models were compared.

This marks the end of our five-part series. We
also refer readers to our accompanying piece on
oral presentation of decision analyses. We hope that
we have given the reader many practical recom-
mendations that will help him or her tackle the dif-
ficult task of actually performing a decision analysis.
Through the years we have learned that students
who are comfortable manipulating and interpreting
algebraic expressions and have an aptitude for sim-
ple computer programming find this task relatively
easy. Those who have difficulty with those tasks have
plenty of trouble! We recommend beginning with a
very simple decision tree for your first attempt.

The authors are gratefu! to those who have had very significant
impacts on their learning in this area: Steve Pauker, Joe Lau,
Dennis Plante, Jerry Kassirer, Frank Sonnenberg, Mark Eck-
man, John Wong, Brian Cohen, Hal Sox, Alan Garber, and
Douglas Owens. They also acknowledge the manuscript review-
ers, particularly Bruce Hiliner, for their many useful suggestions.
Finally, they acknowledge the most important influence on their
teaching, namely the more than 150 students who have taken
their course.
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Glossary

Cycle: A brief time interval during which patients within a co-
hort may make a transition into another health state or remain
in the current health state.

Cycle tree: A special subtree structure that, for a given health
state, describes the possible events that might occur during a
cycle, their probabilities, and the states occupied during the
next cycle as a result of those events.

Incremental utility: The relative value of occupying a particular
health state for one cycle.

Markov process: A modeling technique, derived from matrix
algebra, that describes the transitions a cohort of patients
make among a number of health states during a series of short
intervals or cycles.

Markov subtree: A special subtree structure that represents
Markov processes within a larger decision tree.

Passbindings: Special binding expressions within the SMUTKEE
program that allow probability and utility values to be func-
tions of a special variable, "m.cvcie.” The latter variable
counts the number of cycles that have elapsed since the be-
ginning of the Markov process.

Transition probability: The chance that patients in a particu-
lar health state might transfer into another particular health
state during the course of a cycle.

APPENDIX

Let p(1) be the probability of avoiding an adverse cvent
per unit time, let plt), the probability of avoiding an ad-
verse event at time t, be a declining exponential function
of time with slope k

Thus, if p(t) = exp [—ki]

then p(1) = expl—k]

and k = —Inlp(1)]

and p(t) = expl—{—Inlp(1)]}t}

since explab) = [exp@)l”

let a=—{-Inlpl} =lnplandb =1

{explln p(UI}Y
pay

then ply)
and pit)




