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Abstract

Statistical exploratory data analysis (EDA)
poses a difficult search problem. The EDA
process lends itself however to a planning for-
mulation. We have built a system. called
AIDE, to help users explore data. AIDE re-
lies on partial hicrarchical planning, a form
of planning appropriate for tasks in complex.
nncertain environments. Our description of
the EDA task and the AIDFE system provides
a case study of the application of planning to
a novel domain.

Exploring data

Data cxploration plays a central role in empirical
scientific rescarch. Sometimes we can build a model
of complex phenomena based on theory alone; of-
ten. however, we need to explore the data. We need
to identify suggestive features of the data, inter-
pret the patterns these features indicate, and gen-
crate hypotheses to explain the patterns. Succes-
sive steps through the process lead us gradually to
a better understanding of underlying structure in
the data. Exploratory data analysis (EDA) gives
us a powerful set of operations for this process;
we fit linear and higher-order functions to relation-
ships; we compose and transform variables with
arithmetic functions; we separate relationships into
partitions and clusters; we extract features through
statistical summaries (Tukey 1977). Through the
selective and often intuitive application of these
operations we gradually build a description of a
dataset.

Exploration poses a difficult scarch problem. The
flexibility of exploratory operators gives a large
hranching factor and an unbounded scarch space. 1f
an exploratory analysis were driven purely by suc-
cessive features discovered in data. the task would
be impossible: Is a partitioning or a funclional
transformation appropriate? With what parame-
ters?  When should one stop? Though manage-
able in human hands, exploration is a difficult and
painstaking task.

We have designed and implemented an Assis-
tant for Intelligent Data Exploration, AIDE, to help
users carry out their exploration (St. Amant & Co-
hen 1995). In AIDE, data-directed mechanisms ex-
tract simple observations and suggestive indications
from the data. EDA operations then act in a goal-
directed fashion to generate more extensive descrip-
tions of the data. The system is mixed-initiative,
autonomously pursuing its own goals while still al-
lowing the user to guide or override its decisions.
Our description of the planner and its task pro-
vides a case study of how domain characteristics
can influence planner design.

In the remainder of the paper we discuss an EDA
example. describing the types of operations and re-
sults involverd in the process. We then discuss the
plauner and its plan representation in some detail.
Returning to the EDA example, we show how it is
solved by AIDE acting in concert with a user. We
conclude by showing where AIDE fits in the context
of approaches to planning.

An EDA example

We can best illustrate the EDA process with an
example. taken from an experiment with Phoenix.
a simulation of forest fires and fire-fighting agents
in Yellowstone National Park (Cohen et al. 1989).
The experiment involved setting a fire at a fixed
location and specified time. and observing the le-
havior of the firehoss (the planner) and the bulldoz-
ors (the agents that put out the fire). Variability
hetween trials is due to randomly changing wind
speed and direction. non-uniform terrain and el-
evation, and the varying amounts of time agents
take in executing primitive tasks. In this experi-
nient we collected forty variables over the cowrse of
some 340 Phoenix trials, including measurements
of the wind speed, the outcome (success or failure).
the type of plan used, and the number of times the
svstem needed to replan. We hecame interested in
a comparison of the time it takes the planner to
put out a fire (Duration) and the amount of fireline
built during the trial (Effort). Figure la shows a
scatter plot of these two variables.
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Figure 1: Patterns in Planner Effort and Trial Duration

We begin by observing that the relationship can
be partitioned into two parts: a vertical partition at
zero on the Duration axis and a separate, approxi-
mately linear partition. We call this an indication.
a suggestive characteristic of the data. Examin-
ing other variables, we find that the vertical parti-
tion corresponds to trials in which the outcome was
Failure. We note that the correlation is positive in
the Success partition, as expected, but that there
arc two outliers from the general pattern.

We can be more precise about the “approxi-
mately linear” pattern in the Success partition: we
can fit a regression line to the data. We then exam-
ine the residuals of the fit.  the degree to which the
data are not explained by the description-- by sul-
tracting the actual value of Duration. for cach valne
of Effort, from the value predicted by the regression
line. We see no indications of further structure.
such as curvature, that would render our descrip-
tion incorrect, and thus we tentatively accept the
linear description.

Looking again at the Success partition. we no-
tice small, vertical clusters in the lower range of
Effort. In a histogram. or a kernel density esti-
mate, these would appear as peaks. The clustered
points are isolated in Figure 1bh. We can describe
the hehavior of the clusters in terms of their con-
tral location. by reducing each cluster to its median
Effort and Duration value. These medians are also
linear. with approximately the same slope as the
line fitting the entire partition.

We then try to explain why some observations
fall into clusters while others do not. We find that
the clustered data correspond to trials in which the
planner did not need to replan: that is, observa-
tions fall into clusters only when #Replans = ). If
we associate each cluster with a unique identifier.
we find that together the discrete variables Wind-
Speed and PlanType predict cluster membership
almost perfectly. It further becomes clear that for

AIPS-96

the clustered data there is an interaction between
the two predictive variables in their effect on Du-
ration.

This brief account gives the flavor of EDA. A
more detailed account given in Empirical Methods
in Artificial Intelligence (Cohen 1995). The rc-
mainder of this paper describes the planner that
lets AIDE, in cooperation with a user, generate
these kinds of results.

Abstractions in exploration

In Erploratory Data Analysis, John Tukey re-
scribes EDA in this way:

A basic problem about any hody of data
is fo make it more easily and cffectively han-
dleable by minds our minds. her mind. his
mind. To this general end:

e anything that makes a simpler description
possible makes the deseription more easily
hanclleable.

e anything that looks below the previcusly de-
scribed surface makes the deseription more
effective.

So we shall always be glad {a) to simplify «e-

scription and (b) to describe one laver deeper

(Tukey 1977. p.v).

Tukey's account of exploration emphasizes two
related aspects:  deseription through abstraction
and description by hierarchical problem decompo-
sition.

Abstraction is ubiquitous in exploration. Fitiing
a straight line to a relationship involves deciding
that variance around the line. evidence of curva-
ture. outlying values. and so forth may he ignored
at an appropriate level of abstraction. One fits a
simple deseription, a line, hefore attempting to de-
seribe the residuals. i.e.. those data that don't fit
the abstraction well. The effect is of moviug from
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higher to lower levels of abstraction. A more sub-
tle example can be seen in the Phoenix analysis.
To describe the behavior of the vertical clusters in
Effort and Duration, we summarize each cluster in
terms of its central location. In other words, we
deal with a simplification of each cluster, in which
spread around the central location has been ab-
stracted away.

Hierarchical problem decomposition plays a large
part in exploration as well. The Phoenix example
gives a good illustration: we begin by fitting a par-
tition to the relationship. and then pursue the de-
scription of each component independently. Much
of exploration can be viewed as the incremental de-
composition of data into simple descriptions. which
are then combined into a more comprehensive re-
sult.

Exploratory procedures furthermore impose top-
down structure on the exploration process. In other
words, when we execute an exploratory operation
we generally have a good notion of which opera-
tion. of many possible, to execute next. Conumon
procedures often fall into a few basic families that
process data in similar ways. It is casy to see, for
example, that constructing a histogram involves the
saine procedures as constructing a contingency ta-
ble: the contingency table is a two-dimensional ana-
log of the histogram, with cell counts correspondl-
ing to bin heights. We can draw similar analogies
between procedures for smoothing and for generat-
ing kernel density estimates, or between resistant
line fitting and locally-weighted regression curves.
While sometimes novel procedures are constructed
from scratch, variations on existing procedures are
much more common.

Knowledge of abstraction. problem decomposi-
tion. and common combinations of operations lets
us restructure the EDA search space. to make it
more manageable. These elements identify explo-
ration as a planning problem (Iforf 1987). Still,
there are many different approaches to planning.
Other characteristics of the domain help us refine
our understanding of the type of planning involved.

Exploratory procedures require control struc-
tures more complex than simple sequences of oper-
ations. It is hard to see, for example, how one can
iteratively improve a resistant fit or search through
a space of model extensions given only the ability
to chain together single operations. Many proce-
dures are more naturally formulated in terms of
tests of generated values, iteration. recursion. at
other forms of control.

Exploration is opportunistic. Though procedures
often specify a course of action. there can be a great
deal of uncertainty in carrying out the details. Each
operation is simultaneously an effective action and
an information-gathering action. In the Phoenix
example we could not have predicted that there
would be vertical clusters in the relationship. Once

we noticed the clusters, we were able to deal with
them by reducing them to their medians and trying
to describe the result. We could not have predicted
that these points would be approximately linear,
but this new information let us extend the explo-
ration further. At each point during the process we
can determine what the next few steps should be;
the details of how to proceed must often wait until
we have actually performed those steps.

Finally, the results of an exploratory session are
not simply the p-values, tables, graphs. and so forth
that have been computed. Exploration is construc-
tive, in that the interpretation of these individual
results depends on how they were derived. Inter-
pretation of the residuals of a linear fit depends on
whether a regression or resistant line was applied:
individual cluster properties depend on clustering
criteria. In many cases the knowledge that some
operation has been applied and has failed can in-
fluence our interpretation of a related result. The
result of an exploration, then, must include an an-
notated trace of the process itself.

The planner

A form of reactive planning called partial hier-
archical planning (Georgeff & Lansky 1986) turns
out to be a good match for the task. Systems that.
use the approach include PRS (Georgeff & Lansky
1987), the Phoenix planner (Cohen et al. 1989)
and the RESUN system (Carver & Lesser 1993).
Our design of the AIDE planner is largely based on
experience with Phoenix and RESUN.

The AIDE planner operates by manipulating a
stack of control units. The planner is essentially
a high-level language interpreter, in which the ac-
tive stack stores the current execution context. The
planner executes the control unit at the top of the
planning stack, by calling its execute method. If
this generates a new control unit, it is pushed onto
the stack to be executed in turn. The process con-
tinues as long as the topmost stack element has
the status :in-progress. If its status changes to
:succeeded or :failed, then the control unit is
not. executed. but rather popped off the stack, its
complete method being called at that point. The
hehavior of a control unit thus depends on the spe-
cialized definition of its execution and completion
methods.

In this simple representation a variety of control
structures can be defined. Consider a :sequence
control unit, which executes a sequence of subor-
dinate control units in order. A :sequence unit
maintains an internal list of subordinate units.
Each call to its execution method pops off and re-
turns the next remaining element on the list. When
the list is exhausted. or a subordinate fails, the
:sequence unit’s completion status is set appro-
priately and its completion method is called.
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(define-plan explore-by-incremental-modeling ()
:satisfies

(explore-by :modeling ?model-type ?structure ?model)

iconstraints ((?structure ((:dataset-type dataset))))

(:SEQUENCE
(:WHEN (null 7model)

:body

(:SUBGDAL generate (generate-initial-model ?structure ?model-type ?model)))
(:SUBGDAL elaborate (elaborate-model ?model-type Zactivity ?structure 7model))))

(define-action generate-initial-generic-model

:satisfies (generate-initial-model ?description 7structure :generic 7model)

:action (values t (return-bindings 7?model (make-generic-model.

N

Figure 2: Plan and action definitions

Other control constructs can he defined similarly
for conditionalization, iteration. and more special-
ized processing. Goals. plans, and actions are also
specialized forms of control units.

A plan has a name. a specification of a goal that
the plan can potentially satisfy. constraints on its
bindings, and a body. The hody of a plan is a
control schema of subgoal specifications, subgoals
which must be satisfied for the plan to complete
successfully.  An action is similar to a plan. ex-
coept that its body contains arbitrary code. rather
than a control schema. The plan in Figure 2 is
instantiated in the cxploration of a dataset. It
generates an initial model of an appropriate type
and then establishes the goal of elaborating the
mocdel. With the plans in the AIDE library. elabora-
tion will involve incrementally adding relationships
to the model. One of the plans that watches the
elaborate subgoal recursively establishes an iden-
tical subgoal, with ?model bound to the ineremen-
tally extended model.

A plan instance, as a type of control unit, exe-
cutos by instantiating the control units representecd
in its body. On completion a plan instance sends
to its parent goal a completion status. :succeeded
or :failed. along with a set of variable hindings.
An action instance gencrates no new control units
in its execution, but simply returns a completion
status aud a set of bindings for its matrhing goal.
A goal instance exeeutes by generating a new plan
instance  searching through the plan library and
finding a matching (wnifying) plan.

We wmust complicate this account somewhat.
There are often several plans that satisfy a given
goal. and sometimes an unlimited number of possi-
ble bindings for its plan variables. To manage these
situations we have three mechanisms: ovaluation
rules. focus points, and meta-level plans. Selection
of plans is siwilar to the selection of plan variable
bindings, so we will only discuss plan selection.

When more than one plan in the plan library
matches a goal, AIDE must decide which to instan-
tiate. Control rules inform its decision. There are
three steps involved in executing o plan to satisfy
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a goal: matching, activation, and preference. The
matching step, already described. establishes that
the plan is syntactically able to satisfy the goal.
power-transform. for example, satisfies the goal
of fitting a power function to a relationship. The
activation step involves running a set of rules that
further test the applicability of plans, in order to
activate or deactivate them. The power-transform
plan is only activated in the presence of a curvature
indication. The preference step involves running
another set of rules that impose an ordering on the
active plans. In the presence of the curvature incdi-
cation, the power-transform plan is preferred to
the linear-regression plan.

Candidate plans are maintained by focus points.
A focus point manages branch points in the plan-
ning stack. Suppose that a goal instance is the top
entry on the stack. If only a single plan matches
this goal, then it is pushed onto the stack directly,
as described earlier (shown here in Figure 3a.) If
more than one plan matches the goal, a plan focus
point is generated and pushed onto the stack. The
focus point manages a set of newly created execu-
tion stacks, each rooted at a different instance of
each plan that matches the goal. This ix shown in
Figure 3b. The planuing process continues when
one of these new stacks ix selected, based on in-
formation gencrated by the evaluation rules. and
the stack processed. When any stack becomes ex-
hausted. the focus point can either select. another
of the stacks to proceed, or can return to the stack
that originally generated the focus point.

For example, in the Phoenix data we saw rhat
one subset of Duration and Effort was approxi-
mately linear, but with outliers in the relationship.
We have several options: we can fit a regression line
directly to the data; we can remove the outliers and
then fit the line; we can let the outliers remain and
fit a resistant line; we can fit a smooth to the data.
Each of these options is implemented by a different
plan. Each plan is instantiated to provide the root
of a new exccution stack, and the set of new stacks
is then associated with the plan focus point. Oue
stack is selected to coutinue the exploration.

As plans progress, a network of focus points is
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goal
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(a) The plan stack

focus point plan
goal

plan

plan

(b) A focus point

Figure 3: The planning process

generated. Only one is active at any time. De-
termining which focus point should be active at
any given time is the responsibility of meta-level
plans. A meta-level planner, identical in design
to the base-level planner, handles focus point se-
lection. The meta-level behavior of the system is
similar to what would be provided by rule-based
activation of plans; however, incorporatiug a plan-
ner at the meta-level lets us maintain the nessary
execution context to switch dynamically between
plans in progress.

In the Phoenix data, a vertical clustering indica-
tion in the relationship (Effort. Duration) activates
several distinet plans. One plan searches for a way
to distinguish between clustered and non-clustered
points by using other variables in the dataset. An-
other plan tries to predict which cluster each data
point belongs to. Other plans search for similar
clustering patterns in other variables and relation-
ships. Each of these plans leads to further explo-
ration. Because the default behavior of focus points
cauges the network to expand in depth-first fashion,
the exploration of just the first plan at. this decision
point could potentially go on indefinitely. A meta-
level plan. however, can cause the planner to switch
hetween active, partially-expancled plans. The plan
expansion often leads to actions that generate new
information. which can he relevant to the planner’s
hehavior. In other words. meta-level plans in this
and comparable situations capture a general huris-
tic: When more than one plan exists to extend or
decpen a description (e.g.. a clustering or a regres-
sion) and these plans compute intermediate resules
that may provide useful indications, then alternate
hetween partial expansions of the plans. In this
case, the final decision about which plan is most
appropriate is usually made by the user,

To summarize briefly. evaluation rules decide
which plans are relevant in trying to satisfv a goal.
A focus point selects one plan from those possibil-
ities and executes it; the focus point may switch
dynamically between possible plans as knowledge

about the problem changes. Meta plans decide
which focus point is currently active, i.e., which
goal the system should be trying to satisfy at the
current. time. These mechanisms give us local and
non-local control over the planning process.

User interaction

The correspondence between planning and EDA
lets us take two different views of the interaction
hetween AIDE and the user. We can say that AIDE
is in the business of building and executing plans. in
an environment that lets the user review and mod-
ify the system'’s plan selection and variable binding
decisions. We can just as well say that the system
is a statistical computing environment in which a
user carries out EDA procedures; AIDE's job is to
follow the process the best it can. making sugges-
tions and supplying relevant information at cach
decision point. To show how this works, we ro-
turn to the Phoenix example. The following dia-
log represents the information exchanged hetween
AIDE and the user. though the interaction is av-
tually through menu selections. user gestures, and
the usual interactions common to statistical user
interfaces. Some of the points arc marked with a
number in parentheses for later discussion.

USsER (1): Select relationship (Effort, Duration).

Ape: (Effort. Duration) indications: high cor-
relation (1 = 0.93); outliers in Effort; outliers in
Duration; clustering. Suggesterd courses of action
are (a) generating a linear fit and (b) exploring,
clusters.

UsERr: Why the linear fit?

AIDE: A linear fit can be appropriate for relation-
ships with high correlation.

USER: Why the given ordering of actions?

AIDE: When there is a high correlation and no
evirlence of extreme outliers. we fit a line before
trying other possibilities.

UsER: Okay.

AIDE (2): (Gencrates linear fit.) A three-group
resistant line fits the data with a slope of 0.0017
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and intercept of —0.96. (Presents graphical dis-
play of lincar fit.) Indications: outliers in resid-
uals; clustering.

USER (3): Show recent decisions.

AIDE: In reverse order: (a) With the goal of fir-
ting a line, T decided without consultation on a
resistant fit. The alternative is a regression fit.
(b) With the goal of exploring (Effort, Duration),
vou accepted the linear fit suggestion. The alter-
native is to explore clusters. . .

UsEeR: Back up a step.

AIDE: With the goal of fitting a line to (Ef-
fort, Duration). the possibilities are a resistant
fit, which is in progress. or a regression fit. which
has not started.

UsER: Execute the regression fit.

AIDE: (Generates regression fit.) The regression
line has a slope of 0.0019 and an intercept of
—2.73; r?2 = 0.57. (Presents graphical display
of linear fit.) Indications: outliers in the resirdu-
als: clustering. The slope of the regression line is
1.13 times the slope of the resistant line.

UseR: Make a note: [ am confident that the rela-
tionship (Effort, Duration) is linear, despite in-
dications of outliers and clustering. I prefer the
regression fit.

AIDE: (Accepts note.)

USER: Okay.

AIDE: (Considers linear fit phase to be com-
plete.) The possibilities remaining to explore
(Effort., Duration) are (a) the linear fit, which
is in progress. and (b) cluster exploration, which
has not. started.

USER: Okay.

AIDE: (Begins cluster exploration.) Here are
the clustering possibilities for (Effort, Duration).
(Displays identifiers for potential clustering cri-
teria: single-linkage clusters in Effort. regions of
constant. values in Effort, etc. Also displays sim-
ilarity between resulting clusters.)

A single step in this exchange often represeuts
a great deal of underlying processing. The steps
marked with numbers are discussed in more detail
below:

1. When the user loads a dataset, AIDE's top level
plan is activated. which incrementally explores
the variables and relationships of the dataset.
Because any variable or relationship might be
relevant, a focus point is created to manage the
possibilities. Evaluation rules rank the possibili-
ties by their features and indications, computed
dynamically. When the evaluation is complete,
AIDE presents a data selection menu to the user.
along with its own preference and supporting in-
dications. AIDE thus generates a great deal of
information to support its internal decisions be-
fore interacting with the user. In this example
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the user overrides AIDE’s preference by selecting
(Effort, Duration) for exploration.

2. Here the user accepts one of AIDEs suggestions,
that of fitting a line. The user could poten-
tially have chosen a specific linear fitring pro-
cerdure (through a menu selection) but instead
lets AIDE maintain control over the exploration.
AIDE makes an internal decision for a resistant.
line. generates the fit. and elaborates the deserip-
tion by generating and examining the residuals of
the fit.

3. When the user asks for a listing of recent deci-
sions. AIDE displays all focus points leading to
the current decision point. Some of these may
have been handled internally, while others may
have heen directed by the user. The list of fo-
cus points can be read directly from the plan
exccution network. The user can select any of
these decisions, to he reconsidered and perhaps
chauged. as happens in the next few steps.

The network of focus points is central to AIDE's
processing. It lets the user “navigate™ through the
exploration space at the strategic decision level.
rather than the level of primitive EDA operations.
Further. the network gives AIDE a way of interpret-
ing user actions in context, and of following along
when the user takes control of the exploration.

Related Work in Planning
Partial hierarchical planning was introcduced by
Georgeff and Lansky (Georgeff & Lansky 1986).
Several characteristics distinguish it from classical
planning. In the classical formulation a plan is a
partially-ordered sequence of actions, often with
annotated links between actions. In partial hier-
archical planners, a plan is a procedural specifica-
tion of a set of subgoals to be achieved. A plan may
specify that subgoals must. be satisfied sequentially,
or conditionally on some test. or iteratively. Con-
trol constructs may also provide for parallel satis-
faction of subgoals, mapping over lists of subgoals,
recursion. and domain-specific processing.

A partial hierarchical planner executes a plan be-
fore it is completely elaborated. In a sense. these
planners do not gencrate plans at all. bhut simply
cxecute them. This hehavior has advantages over
off-line planning: in dynamic environments, infor-
mation necessary to choose a specific action may
not be known at planning time: in complex or un-
certain environments, an action may generate too
many possible results to enumerate exhaustively in
advance. A disadvantage is the uncertainty ahout
whether a given partial plan will succeed.

As with case-based planning, plan definitions are
stored in a library. AIDE's definitions are not the
fully-claborated sequences of actions that are usu-
ally stored in a case library, however, but are partial
specifications as described above. AIDE constructs
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plans by searching through the library, its set of
partial solutions, for appropriate matches to estal-
lished goals.

This lack of emphasis on constructing plans from
scratch is balanced by a greater concentration on
the meta-level problem of which plan to invoke
when several match the current situation. Meta-
level processing can be handled in different ways.
PRS uses meta-level “knowledge areas™ that func-
tion something like blackboard knowledge sources
for control (Georgeft & Lansky 1987). The Phoenix
planner maintains a time line of subgoals and pend-
ing plans, and gives each plan a degree of meta-level
control over the actions remaining to be executed.
The RESUN planner establishes focus points dur-
ing its plan expansion to allow suspension and re-
sumption of in-progress plans. as a way of focus-
ing attention in its search (Carver & Lesser 1993).
These mechanisms let the planners beliave oppor-
tunistically.

Reactive planning techniques provide a good
match for the EDA problem. Though there are no
hard time constraints on the process, the space of
exploration is highly dynamic, in that each action
can provide potentially significant information. All
the aspects of partial hierarchical planning men-
tioned above contribute to solving the problem.

AIDE is also an example of a mixed-initiative
planning system. By making an analogy to dia-
log behavior, James Allen has identified three dis-
tinguishing characteristics of mixed-initiative plan-
ning: flexible, opportunistic control of initiative:
the ability to change focus of attention: mechanisims
for maintaining shared, implicit knowledge (Allen
1994). Mixed-initiative systems display these char-
acteristics to a greater or lesser extent, depending
on the domain in which they operate and the re-
uirements on their behavior.

AIDFE’s control of initiative changes with context.
That is. whether a decision is presented to the
user or is settled internally depends on situation-
dependent factors. For example, if AIDE detoer-
mines that only one plan is able to satisfy a given
goal (i.e., all others rendered inactive by cvaluation
rules), then this decision point will not he presented
to the user. An exception is made in the case where
a plan is being selected for the initial exploration of
a variable or relationship. Choosing an initial plan
for a relationship is often a more important deci-
sion than deciding how to bind its plan variables or
how to satisfy its subgoals: thus the decision about
how to proceed from the new point is presented to
the user even if only oue course of action seems
appropriate.

AIDE changes its focus of attention to follow the
user. In the processing for the Phoenix analysis.
for example, AIDE interprets the selection of a new
relationship as a shift of focus from exploration of
its current relationship to a new point in the search

space. AIDE also makes limited decisions on its own
to change focus. For example, after fitting a line
to a relationship and generating residuals, AIDE
presents a set of residual examination and other
plans to the user. An 0K gesture, which usually
indicates that the top-rated plan for the current
decision should be activated, rather in this context
causes AIDE to refocus on other plans for exploring;
the relationship.

AIDE also provides ways for the user to follow its
planing process. The user can view the data un-
der consideration, results constructed, commands
carried out, and planning structures leading to the
current point. These views also act as navigation
mechanisms, giving the user more explicit control
over AIDE's focus of attention. AIDE does not
ask for clarification of user actions, however, which
could clearly be beneficial in some situations.

The mixed-initiative approach has becomne inter-
esting to researchers in both planning and statisti-
cal expert systems. An extension of PRODIGY, for
example, provides autonomous planning with con-
sultation (Stone & Veloso 1995), by letting the user
review each decision the planner makes. The early
regression expert system, REX, gave users similar
abilities when reaching difficult decision points in
its analysis (Gale 1986). TESS. a sophisticated
interactive system for data analysis, took the ap-
proach further by letting users opportunistically
modify its search strategies and decisions (Lubin-
sky & Pregibon 1988). AIDE takes steps toward an
even fuller cooperation between user and machine.

In summary. we have described the task of EDA
and how it can (and should) e cast as a planning
problem. We have presented the AIDE planner as
part of a solution to the problem. We have de-
scribed a representative example in the domain of
EDA. and shown how AIDE solves the problem.
A scries of experiments is currently in progress to
evaluate the performance of users working with and
without assistance from AIDE.
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