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Summry

The diabetes dataset is characterized by
a limited number of independent variables and
the existence of strong prior information about
the nature of causality thought to exist. Conse-
quently, careful statistical modeling using mod-
em techniques should be able to do a good job
in determining what the underlying relation-
ships are. It of great interest, however, to see
how well alternative approaches -- that require
less intervention on the part of analysts -- can
compare to the statistical modeling approach.
Two such alternative approaches to knowledge
discovery are examined. The first is based on
induction and takes two forms: tree based re-
gression and the C4.5 algorithm of Quinlan.
The second employs a simple neural net and
backpropagation algorithm. The results from
these two alternative approaches are then com-
pared to the statistical model results.

Figure I: History of Insulin Dosages
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The model

For an individual Diabetes patient, the
history of insulin dosage (ID) is shown in Fig-
urel, above. Three types of doses are shown
and each is administered at faily constant inter-
vals (at least from the perspective of the graph)
and dosage amounts. A key relationship to dis-
cover is that between insulin and measurements
of the level of the patients blood glucose (BG).
For the same patient, these measurements val-
ues are shown in Figure 2. Note that the BG
levels are highly variable.

Figure 2: History of BG Measurement
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Of course, the effect of the ID is not
constant over time. First of all, the impact of
the ID on the patient first rises to a peak value
and then falls to zero as time elapses and that
the exact nature of this relationship depends on
the type of dosage. We can write this as"

(1) BG = H(ID, T, Formulation),
+ +/- +
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where T is elapsed time and Formulation is one
of three possible types (Regular, NPH and UI-
tralente). The expected signs of each independ-
ent variable appear below the variable name.

This function is based on prior work in
the field and can be used to compute an effec-
tive ID fiDE) for any point in time. In particu-
lar, it can be used to compute IDE for each time
of measurement for BG levels.

Figure 3: Effective Dose History
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An example of this kind of computation is
shown in Figure 3., where for this particular
patient, only two of the three types of ID were
administered. The top panel shows the meas-
urements of BG before supper (denoted by code
62 in the dataset) along with a smooth of these
data. The bottom panel shows the effective
amounts of dosages (when greater than zero)
computed for each measurement in the top
panel.

Bivariate scatter diagrams of these data
are shown in Figure 4. For this particular pa-
tient, and based on the slopes of the locally
weighted least squares lines, it appears that the
relationship between IDE and BG is quite weak.
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Second, exercise plays a role:

(2)
( El(E, T), for 0 < E <= E*"

BG= { - -
[, E2(E, T), for E* < 

+ -

where E denotes excercise, E* is some threshold
level of exercise and T is time. Finally, diet (D)
is also important:

(3) BG = D(D, T)
+

The measured level of BG at any pe-
riod of time is just the sum of all the identifiable
impacts of the events represented by equations
(1) - (3). That is, the summation over all previ-
ous events up to some predetermined cutoff
time becomes:

(4) BG -- ~.H(I,T,F) + ~.EI(E,T ) +
E E2(E,T) + % D(D,T).

Equation (4) can only be implemented if it 
determined what the relationship between BG
and T might look like for the four functions: H,
El, E2 and D. It is expected that the literature
and some of the other AI-Med participants will
be helpful in this regard. For example, it might
turn out that a two parameter Gamma distribu-
tion might describe the phenomenon quite well.

Note that there are some datapoints
that appear to contain errors. Consequently,
these data will have to be filtered before the
constructs in (4) are computed.

Figure 4: Effective Dose versus BG
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Knowledge Discovery

The statistical models will be devel-
oped in S-Plus. A good deal of computing and
graphical analysis is used in order to assess the
appropriate models. The statistical approach
will be one of fitting Generalized Additive
Models (GAM) to these data, which allows
some nonparametric smoothing to be done dur-
ing estimation. Important interactions between
these variables will also be examined.

Two induction techniques will also be
used to learn from these data. The first is the
tree based regression capability in S-Plus. The
second is a related approach, called C4.5, which
in turn is built on ID3 (both due to Quinlan).
Finally, a neural net will be trained on these
data.

In all cases, a cross validation approach
will be used to ensure robustness and the mod-
els will be estimated with penalties for com-
plexity in an effort to avoid overfitting. The
results of these alternative approaches will be
carefully compared and contrasted.

Implementation

When implemented, the predicted val-
ues of BG can be used to determine whether or
not the patient’s BG is likely to remain in the
desired range. Note that a statistical model pos-
sesses an important advantage here in that it can
also generate a probability distribution around
the forecast, which is quite important. Further-

more, it might well be that two or more of the
predictive methodologies can be combined in
some optimal way to provide even better fore-
casts. Finally, one might want to use a rule-
based expert system to examine the patient’s
history, the predicted values for BG and make a
determination as to what should be done. This
last step, however, is beyond the scope of the
current paper.
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