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SUMMARY

We consider simulation-based methods for exploration and maximization of expected
utility in sequential decision problems. We consider problems which require back-
ward induction with analytically intractable expected utility integrals at each stage.
We propose to use forward simulation to approximate the integral expressions, and
a reduction of the allowable action space to avoid problems related to an increasing
number of possible trajectories in the backward induction. The artificially reduced
action space allows strategies to depend on the full history of earlier observations
and decisions only indirectly through a low dimensional summary statistic. We il-
lustrate the proposed approach with an application to an optimal stopping problem

in a clinical trial.

Some key words: Backward induction; Forward simulation; Monte Carlo simulation;

Optimal design; Sequential decision.



1 INTRODUCTION

We consider simulation-based methods for exploration and maximization of expected
utility in sequential decision problems. Formally, decision making under uncertainty
is choosing an action d to maximize expected utility U(d) = [u(d,0,y)ps(0,v).
Here, u(d,0,y) is the utility function modeling preferences over consequences and
pa(0,y) is a probability distribution of parameter # and observation y, possibly
influenced by the chosen action d. See Chaloner & Verdinelli (1995) and Verdinelli
(1992) for reviews of Bayesian approaches to decision problems traditionally known
as optimal design. Spiegelhalter et al. (1994), Berry (1993) and Berry & Stangl
(1996) discuss general issues related to the use of Bayesian optimal design methods
in medical decision problems.

In many applications decisions are made sequentially. Let d = (dy,... ,dr), and
y = (Y1,-.. ,yr). Assume that y; depends on di,... ,d; only and that decision d;
is made after decision d;_; and after observing y;—1. Then d; = di(dy,... ,di—1,
Y1,--- ,Yt—1) is a policy depending on the observed outcome from the first ¢ — 1
decision periods. Such sequential decision problems where later decisions depend
on earlier outcomes are notoriously difficult. A complete solution requires, in gen-
eral, backward induction involving an exponentially increasing number of possible
scenarios. See, for example, Berger (1985, chapter 7).

Many sequential decision problems involve stopping: y; are independent observa-
tions from a common density p(y:|@), and one decides after each observation whether
to stop sampling and make an immediate final decision or take another observation.
Let Y; = (y1,...,y:)- It is convenient to write d = (7,9), where 7 = (71, 79,...) is
a stopping rule with 74(Y;) defining the probability of stopping at time ¢, and §(Y})
specifies the final decision to be made if we stop at time ¢. The final decision could
be, for example, a hypothesis test, or the decision whether to abandon a drug’s de-
velopment or seek regulatory permission to market it. Although sequential sampling

is a convenient example to bear in mind for the following development, the proposed



methods apply more generally. Our approach is appropriate for any decisions that
do not influence the probability model beyond identifying a subset of possible re-
sponses. The allowable decisions include those that terminate an experiment at a
particular time, like sequential sampling, and also those that select from alternative
probability models, e.g., probability models associated with alternative treatements,
as is the case, for example, in bandit problems Berry & Fristedt (1985). Also, we
consider only problems with a finite horizon T.

In some problems the optimal policy d is characterized by a low dimensional
summary vector of control parameters. For example, Carlin et al. (1998) address
stopping a clinical trial at each of K interim analyses. In their setup they show that
the optimal Bayes sequential procedure can be characterized by a set of 2K critical
cutoffs for the posterior mean on a parameter which quantifies the advantage of a
treatment over placebo. The problem is reduced to choosing these cutoffs.

Alternative Bayesian approaches to optimal sequential design in medical decision
problems are discussed, among other references, in Thall et al. (1995) who define
stopping criteria based on posterior probabilities of clinically meaningful events.
Similarly, Thall & Russell (1998) define a sequential procedure based on monitoring
posterior probabilities of certain events. Using ad-hoc rules based on these proba-
bilities they define designs and evaluate their frequentist performance. Vlachos &
Gelfand (1998) follow a similar strategy. Whitehead & Brunier (1995) and White-
head & Williamson (1998) use what is essentially a Bayesian m-step look-ahead
procedure to find the optimal dose to assign to the next m patients in a dose-finding
study.

In this paper we propose a simulation-based approach to finding the optimal
Bayes sequential procedure in a class of problems characterized by a finite hori-
zon T', and a probability model where the decision is to choose a subset of observed
responses out of finitely many possible responses. Truncated procedures in a sequen-

tial sampling problem are good examples. Each decision d; is allowed to depend on



all data available at the time of decision making and all earlier decisions, i.e., d;
is a function of the information set Iy = {y1,... ,yt—1,d1,-.. ,di_1}. Theoretically
any such problem can be solved by backward induction. See, for example, Berger
(1985, page 449). The proposed simulation methods overcome two important prac-
tical problems which hinder a routine application of backward induction. These
are related to the large number of scenarios that need to be considered, and the
evaluation of many possibly analytically intractable expected utility integrals.

In Section 2 we introduce the motivating case study. In Section 3 we review
simulation based optimal design in non-sequential problems. In Section 4 we intro-
duce an approach for simulation based sequential design. Section 5 illustrates the

approach in two examples. Section 6 is the concluding discussion.

2 OPTIMAL STOPPING IN A CLINICAL TRIAL

The motivation for the proposed methods is a dose-finding clinical trial. Patients are
recruited into the trial at participating centers. Based on the information available
at each time period t, say once a week, we have to decide (d;) whether to terminate
the trial and abandon the drug’s development (d; = DO0), continue with dose-finding
(d; = D1), or terminate the dose-finding trial and switch to a pivotal trial (d; = D2).
The decision is allowed to depend on all data observed up to time ¢, and trivially
depends on earlier decisions d, ... ,d:;—1 by force of the fact that we only reach time
t if all earlier decisions were to continue.

Let T denote the maximum number of periods that the trial is allowed to last.
There is a probability model for the data p(y:, t = 1,2,...T | ), parametrized by § =
(61, ... ,0p), but not dependent upon d except for the fact that we only get to observe
y; if we decided to continue the trial at least until time ¢. The probability model
includes a dose-response curve fy(z) which gives the mean response of a patient
treated at dose z. The model is completed with a prior probability distribution

p(0). For a given parameter vector 6, the difference A = fg(z*) — fp(0) corresponds



to the advantage of the proposed new treatment (at the eventually recommended
dose z*) over placebo (z = 0). Let Y; = (y1,¥2,-..,y:) denote the observations
up to time ¢t. The posterior moments m; = E(A|Y;) and s7 = Var(AlY;) feature
prominently in the proposed decision rule. All we require from the probability
model is that we can generate (approximate) Monte Carlo samples 6 ~ p(8|Y;) by
appropriate Markov chain Monte Carlo simulation. A detailed description of the
probability model and the posterior simulation scheme is discussed in Berry et al.
(1999).

We use a utility function to quantify the worth of consequences of possible de-
cisions. We assume a fixed sampling cost ¢; per patient in the trial. The payoff is
ca - A if we decide to initiate a pivotal trial and the pivotal trial concludes that the
drug at the recommended dose is in fact an effective treatment. There is no payoff
if the drug’s development is stopped or if the pivotal trial turns out to be negative.
Here A is the advantage of the new treatment over placebo, as estimated in the
pivotal trial at the finally recommended dose. For example, ¢; could be $10,000,
and ¢ could be $10,000,000. The decision to continue the trial will depend on the
tradeoff c;/co between sampling cost and benefit.

In this paper we discuss only the decision of terminating versus continuation.
Another important decision problem in a dose-finding clinical trial is the assignment
of doses to patients assuming that the trial is continued. We discuss an essentially

non-sequential approach to this problem in Berry et al. (1999).

3 OPTIMAL DESIGN BY SIMULATION

Consider a non-sequential decision problem in which

U(d") = mazsen U(d) = [ u(d.0.) dpa(y.). )
Decision d* is said to be optimal. The probability model py(0,y) = p(0)pq(y|0) is

typically given as a prior distribution p() on the parameters and a sampling distri-

bution p4(y|#) for the observations given the parameters. In inferential problems,



i.e., when the decision is related to inference about the unknown parameter 6, utility
is typically a function of (d,#) only. Negative expected utility —U(d) is known as
Bayes risk of the decision rule d, and —U(d*) is called the Bayes risk.

Even if the expected utility integration (1) is analytically intractable, it easily
can be approximated by Monte Carlo simulation if the prior and likelihood are both
available for efficient random variate generation, and if the utility function u(d, 6, y)
can be evaluated for any given realization of the experiment (0,y). Efficient r.v.
generation from the probability model is typically feasible. However, evaluating the
utility function can be difficult. For example, if we wish to choose covariates in a
non-linear regression to minimize expected posterior variances, then evaluation of
u(d, 0, y) requires the posterior variance integral and this may well be analytically
intractable and may require numerical quadrature.

Assuming that r.v. generation is feasible, and that the utility function can be
evaluated pointwise, we can solve (1) by simulation as follows. Simulate experiments
(0iyyi) ~ pa(0,y), i = 1,... ,M, and evaluate for each simulated experiment the
observed utility u; = u(d, 0;,y;). Use U(d) = + 3 u; to approximate U(d). Using
the approximate evaluations U(d) we could proceed using a suitable maximization
method to find the optimal design d* = arg max U(d). Carlin et al. (1998) use such
Monte Carlo evaluation of expected utilities to find optimal thresholds to define
stopping times in a sequential sampling problem. An attractive feature of Monte
Carlo integration is that the probability model p(f) is not restricted to any particular
form; it needs only to be accessible for sampling. In many problems decisions have
to be made conditionally on available data x, in which case p(f) is replaced by
p(6|z). Wakefield (1994) considers choosing an optimal dose in a pharmacokinetic
study, using Markov chain Monte Carlo simulation to generate from p(f|x) where x

is data available from earlier patients.



4 CONSTRAINED BACKWARD INDUCTION AND FORWARD SIMULATION

4.1  Backward Induction

Solving a sequential design problem is complicated by the fact that later decisions
can depend on earlier outcomes. To simplify notation we write Y; for (y1,... ,u),

and Dy for (dy,...,d;). Assuming a finite horizon T, let

Ur(dr,Dr—1,Y1—1) = /U(DT79, Yr) pa(yr|0) dyr p(0|Yr—1) df (2)

denote the posterior expected utility of the decision dr at the end of the final
period, conditioning on It = {Drp_1,Yr_1}, and marginalizing over the relevant
posterior and posterior predictive distribution on the unknown parameter vector
§ and the final observation yr. Let df = d5(Dr_1,Yr_1) denote the posterior
Bayes decision which maximizes this expected utility, and let Uy(Dpr_1,Yr_;) =

UT(d;, DT_1, YT—I)- Similarly

Ur—i(dr—1,Dr—2,Yr_2) = /Uj*“(DT—laYT—l) dppr_, (yr—1|Yr—2) (3)

is the expected utility at time 7" — 1, assuming decision d} in the final period.
The optimal decision d}._; is the one that maximizes Ur_;. In the special case of
sequential sampling we interpret (3) with the understanding that if dp_1 specifies
stopping at time T — 1, then the data yr_1 is the empty set, and the right hand
side of (2) reduces to [u(Dr_1,0,Yr_1) p(0|Yr_1) db.

Extending analogous definitions to ¢t =T — 2,... ,1, we arrive at the definition
of the sequential decision problem as an alternating sequence of expectations (to

find U;) and maximizations (to find df). We write E, for an expected value with



respect to x. The relevant distributions are clear from definitions (2) and (3).

U(d}) = maxy, Ey, maxg, By, ... maxq, By, ¢ u(Dr,0,Yr) =
= maxg, Fy, maxg, By, ... mazq, Ur(Dr,Yr_1) =

= maXgy, Ey1 maxy, E?/? [ Uj*ﬂ (DT—la YT—l) =

= maxg, Ey,mazy,Us(da,di,y1) =
= maxg, By Us(d1,y1) =

= maxdl U1 (dl)

A traditional solution of (4) starts by solving the maximization problem for d. for
all possible scenarios It = {Dr_1,Yr_1}. Having a table of solutions for d}.(Ir)
and expected utilities Uj(I1) we can proceed to solve the maximization problem
for d}._,, substituting the appropriate values for d}, and Uj. Considering ¢t =T —
2,...,1, in sequence, we eventually find the optimal initial decision dj.

There are at least two difficulties in implementing this backward induction
scheme. First, it can require a great many maximizations. Even if the outcomes
y; are discrete, or can be appropriately discretized, the problem requires keeping
track of solutions dj (Dy_1,Y;—1) for an exponentially increasing number of scenar-
ios. Second, the solution involves calculating expected utility integrals of the form
(2) and (3), and these are typically analytically intractable. The proposed approach
resolves both difficulties. We use a strategy of constrained decision spaces to reduce
the number of possible scenarios to something manageable, and we use forward

simulation and Monte Carlo integration to evaluate the required integrals.

4.2 Constrained Backward Induction

Although each decision d; could depend on all earlier data and decisions I;, typically
only some critical summary of I; is important. For example, Carlin, Kadane and
Gelfand (1998) show that the optimal decision depends on I; only indirectly through

the current posterior mean F(f|Y;—1). Although such a simplification may not



always be possible, it motivates an approximate solution strategy. We replace d;(1}),
which is allowed to depend on the full history at time ¢, by a reduced decision space
which allows the decision d; to depend on I; only indirectly through some low-
dimensional summary S;(l;). Additionally, we consider a finite grid over possible
values of S;. Effectively, this means considering a finite discrete S;. To simplify
notation we will write Sy = j to indicate that the value of S; falls in the jth grid cell,
with the understanding that the grid would typically be two- or three-dimensional.
Also, we shall write Uy(dy, j) for the approximate evaluation of U(dy, Dy—1,Y;—1)
if S¢(Dy—1,Y;—1) = j. This notation is possible since the numerical integration
scheme, details of which are described below in Section 4.3, depends on (D;_1,Y;_1)
only indirectly through S;. For each cell (¢,7) on the grid, starting with ¢t = T,
we report the expected utility Ug(ds, j) under alternative decisions d;, the optimal
strategy dj(S; = j) and its value Uj(j) = Ui(df,j). To compute U(-) we use
the already tabulated values for U, () to evaluate (3). The number of grid cells
(t,j) remains constant over ¢, thus avoiding the progressively increasing number of
possible scenarios which we would have to consider in an unconstrained backward
induction. The remaining problem is to evaluate the integral expressions (2) and

(3) required for Uy(-).

4.8 Forward Simulation

To evaluate expected utility integrals we use forward simulation. Recall that we
only consider decisions related to stopping or choice among finitely many probabil-
ity models, and with finite horizon 7. Thus we can always generate all possibly
observed data. Let p(y|f) denote the appropriate probability model. We generate
M possible experiments w' = (6°,Y}), i = 1,... , M, using the prior probability
model to generate §° ~ p(f), and p(y|f) to generate y* ~ p(y|f). To simplify ex-
position, in the following description of forward simulation we focus on the special

case of sequential sampling only. In this case p(y|@) is the probability model which



PERIOD

Figure 1: Trajectories of simulated experiments on a grid over (¢,S;). The trajecto-
ries passing through grid cells (¢ = 10,4 < .S < 5) and (t = 6,8 < S < 9) are shown

as solid lines.

generates responses for all periods, t = 1,... ,T, although for a specific decision we
will only get to observe some subset of these. Extension beyond sequential sampling

to decisions which select from alternative probability models is straightforward.
For each simulated experiment w’ we record S; at t = 1,... ,T. Each experiment
corresponds to a trajectory on a (¢, S;) grid. This is illustrated in Figure 1. Starting
with the last period, T, we can now approximately evaluate integrals U;(-) as a
sample average over corresponding observed utilities u’. For the j-th cell on the
(T, St) grid, denote with Ar; the subset of indices i € {1,... , M} corresponding to
trajectories which terminate in that cell. Let M7; = |Ar;| denote the number of
indices in A7;. Replacing the integral in (2) by a sample average we propose using
Urdr, Sr=4) = 37— 3 uldr,0',Y) )

13 icar,

as an approximate evaluation of Ur(dr,Dr_1,Yr 1) for all Ir = {Dr_1,Y7 1}

with S7(Ir) falling within the jth cell. Note that at time 7" continuation is not
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possible because of the finite horizon. Having recorded Uz (dr,j) we can find the
optimal decision d (St = ) for each grid cell, and the corresponding value UZ(j) =
ﬁT(d*T, 7). From here we proceed similarly for periods ¢t = T —1,... ,1. At each

step t we approximate the expected utility of continuation as

U(dtast Z Ut+1 t+1 (6)
ZEAt]

with Ay; defined as the subset of size M;; of all simulated experiments whose tra-
jectories at time t pass through cell j, and d; being the action corresponding to
continuation. For any decision d; which involves stopping at time ¢ we use

Us(dy, St = j) _—Z (di, 0, ). (7)
ZEAtJ

We can now find the optimal decision dj(S; = j) for each grid cell, and the corre-
sponding expected utilities U (j) = Uy(d¥, j). At the end of the recursion, at time
t = 1, we are left with the optimal decision dj for the first period. Note that (6)
defines the numerical evaluation of (3). Equation (7) provides an alternative expres-
sion for the special case of sequential sampling and decisions involving stopping at
time t, i.e., decisions which do not require backward induction.

A minor variation of the algorithm described here allows using a grid of Sy values
only instead of on (t,.S;). The problem is that without ¢, there is no natural start for
the backward induction. This problem can be circumvented by using an iterative
scheme. Without loss of generality assume d = 0 corresponds to continuation,
and all other decisions involve stopping. Start out with an initial guess d°(j) and
U(d=0,j),j=1,...,J, for the optimal decisions d;j(S; = j) and the expected
utilities U;(dy = 0,S; = j). Both are now recorded on a grid over S; only, i.e., the
decision under S; = j will not depend on ¢. Therefore we drop the index ¢ on d°(j)
and U(d, 7). To evaluate U(d, j), d # 0, use an appropriate modification of (7):

U(d,5) = — 3 uld, 0, 7).
M.

J iEAj
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where A; is the set of all indices i with S} = j for some ¢. Analogous to the above
discussion, let U*(j) = U[d°(j), j]. For U(d = 0, j) we use an iterative scheme. Scan
over all grid cells j = 1,...,J, and replace U(d = 0, j) by
Ud=0,j) = A Z U*(Sty1)-
‘7 .
ZEA]'
Set d!(j) = argmax, U;(d, j) and update U*(j). Repeat the process until updating

leaves all decisions unchanged, i.e., df = df_l, Vj.

5 EXAMPLES

For illustration we consider an example with an analytically known optimal decision.

Ezample 2 (Berger 1985, chapter 7).

Assume y; ~ Bern(0), t = 1,...,T, is a sequential sample from a Bernoulli dis-
tribution, with a prior distribution p(# = 0.4) = p(f = 0.6) = 0.5. Consider the
decision problem of choosing between Hy: 6 = 0.4 versus Hi: 8 = 0.6. After each
observation, possible decisions d; are to terminate and decide for Hy (d; = 0); ter-
minate and decide for Hy (d; = 1); or to continue sampling (d; = 2). Let N be the
observed stopping time, i.e., N = min{¢ : d; # 2}. Let d = (d1,... ,dy) and assume
a “0-K” decision loss and a linear sampling cost of ¢ = 1 per observation.

0 if (=04, dy=0)or (0=06, dy =1)
—u(d,0,Y) =N +

K if(@#=04, dv=1)or (0=0.6, dy =0)
Let xy = 25:1 y;. It can be shown (Berger 1985, chapter 7) that the Bayes sequential
decision rule dp stops sampling for the first ¢ for which |2z; —¢t| = k, where k is some
integer depending on K. For example, for K = 100 the cutoff is £ = 4. Conditional

on stopping at time 7, the optimal decision is the Bayes decision rule given Y7, i.e.,

dr =0 if {L't/t > 1/2

12



Implementing the proposed simulation-based algorithm we represent the pattern
of information as the pair (¢,p; = z/t), and consider a horizon of T" = 50 periods.
Since the known optimal rule dp can be written in terms of (¢,p;) we expect the
numerical solution to approximately reproduce dg. We simulated M = 1000 ex-
periments and proceeded as described in Section 4. Figure 2 plots the estimated
expected utilities under alternative decisions, on a (t,p;) grid. We discretized p; on
a grid of size 50, resulting in a 50 x 50 grid for (¢,p;). Evaluation of the expected
utilities Uy(d;y = 0,p;) and Uy(d; = 1,p;) require no backward induction. We use
appropriate summaries of the forward simulation as in (7) to evaluate them. Of
course, in this case, since the expected utilities depend on I; only through the cho-
sen summary statistic we could analytically evaluate the expected utilities exactly.
Evaluation of U;(d; = 2,p;) is done by backward induction, starting at ¢t = T.

Figure 3 shows the corresponding estimated optimal decisions dj(¢,p¢). For

comparison we show the exact Bayes sequential decision rule.

= - =

o o o
S 5 =)

© ©
=) =)

©
5

Figure 2: Example 2. Estimated loss —Uy(dy = 0,p;) (left panel), —Uy(dy = 1, p;)

(center panel), —Uj(d; = 2, p;) (right panel).

Ezample 1 (continued from Section 2.)

Let n1(d) denote the number of patients recruited in the dose-finding trial under
decision d. Let A = A(d) denote the event that d = (dy, ... ,dr) calls for a pivotal
trial, i.e., d; = D2, for some t < T. Let y = Y; denote the data observed in the

13
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Figure 3: Example 2. Recommended actions d(¢,p¢) (left panel), and analytic
solution dj (¢,I;) (right panel). The grey shades in the left panel indicate df = 0,1
and 2, where d* = 0 is black, d* = 1 is grey, and d* = 2 is white. The plot in the
right panel indicates dj € {0,1} (black) versus df = 2 (white).

dose-finding phase. Since the decision rule is sequential, A depends on y implicitly
through d. If a pivotal trial is initiated, let na(d,y) denote the number of patients
included in the pivotal trial. The sample size of the pivotal trial can depend on the
data collected in the first phase, thus the dependence on y. Let y? denote the data
collected in the pivotal trial, and let B = B(y?) denote the event that the pivotal
trial concludes that the drug is effective. The utility function discussed in Section

2 is formally defined as

—c1 ny(d) if A€

u(d, 0,y) = S —c1 {ni(d) + na(d,y)} if An B¢

—c1 {n1(d) + n2(d,y)} + c2 Aly,y?) if ANB.

Here A(y,yP) denotes the posterior mean on the advantage over placebo, A, condi-
tional on the data at the completion of the confirmatory phase. Besides the constant
sampling cost, the utility function is determined only by the advantage A of treat-
ment over placebo. This motivates considering S; to be a summary of the current
inference on A. Let m; = E(AY:), ss = SD(A|Y:) denote posterior mean and stan-

dard deviation of A. We use S; = (my, s;) as summary statistic in the constrained
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Figure 4: Trajectories on a grid over the bivariate summary statistic Sy = (my, s¢)-
Consider, for example, the grid cell 7 highlighted with a bold outline, around s = 0.82
and m = 9.0. To compute expected utilities (% we use an average over all simulations

which pass through this grid cell. The corresponding trajectories are plotted in bold.

backward induction. We simulated M = 1000 experiments and record S; = (my, s¢)
for each week t. Figure 4 shows some of the simulated trajectories. Based on
this forward simulation we computed U(d, S; = j) for j on a 20 x 20 grid over S;.
Evaluating the expected utilities we included an additional step to reduce numerical
uncertainties due to finite simulations. Namely, after computing estimates Uj as
described above, we fit a smooth surface U; through the pairs (j, [7]) The smooth
fit (~]j formalizes “borrowing strength” across simulations for neighboring grid cells,
and allows for interpolating for grid cells with few or no simulations (with the usual

caveat about extrapolation beyond the range of the data).
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Figure 5: Example 1. Expected utilities on the grid over S; = (my,s¢). The left
panel shows U(d = D1,S; = j). The center panel shows U(d = D2,S; = j). The
right panel shows d*(j) with light grey indicating d*(j) = D0, grey for d*(j) = D1
and black for d*(j) = D2.

6 CONCLUSION

We proposed a simulation-based method for solving sequential design problems. The
method is broadly applicable in that only minimal constraints are assumed for the
probability model and the utility function. Essentially, the method applies to any
model which allows posterior Markov chain Monte Carlo simulation. The only con-
straint on the utility function is that it must be possible to evaluate utility u(d, 6, y)
for a given simulated experiment (,y) for any particular decision d. The space
of decisions is limited to those that do not influence the probability model beyond
identifying a subset of possible responses. The allowable decisions include those
that terminate an experiment at a particular time, and also those that select from
alternative probability models, e.g., probability models associated with alternative
treatements.

The solution we propose is not exact; it is an approximation with the quality
of the approximation depending on the summary statistic Sy, the number M of the
forward simulations, and the extent of discretization when defining the grid on S;.

We developed the algorithm in the context of a sequential decision problem at

16



the conclusion of a dose-finding clinical trial, but the methods apply for any problem

which fits into the described framework.
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