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ABSTRACT

We apply machine learning to the problem of
subpopulation assessment for Caesarian Section. In
subpopulation assessment, we are interested in making
predictions not for a single patient, but for groups of
patients. Typically, in any large population, different
subpopulations will have different ““outcome" rates. In
our example, the C-section rate of a population of 22,176
expectant mothersis 16.8%; yet, the 17 physician groups
that serve this population have vastly different group C-
section rates, ranging from 11% to 23%. The ultimate
goal of subpopulation assessment is to determine if these
variations in the observed rates can be attributed to (a)
variationsin intrinsic risk of the patient sub-populations
(i.e. some groups contain more high-risk Gsection"
patients), or (b) differences in physician practice (i.e.
some groups do more Gsections). Our results indicate
that although there is some variation in intrinsic risk,
thereis also much variation in physician practice.

1. INTRODUCTION

In subpopulation assessment, the god is to make accurae
predictions for sets of cases, not for asnglecase. Wewould like
to assess if different groups have different intrinsic rates for a
predicted outcome, or if the variation in outcomes observed
across groupsis due to extringc factors.

Intrinsic factors are those given as inputs to modds that are
trained to predict the outcome. Extringc factors are dl factors
not entailed by the modd's inputs. The basic idea is that the
modd is dlowed to use intringc variables to mode cases. If the
model is accurate, it will correctly compensate for differences
between patients (or groups of patients) caused by the intrinsic
variables, but will not compensate for differences due to the
extrindc variables.

Our domain is the prediction of Caesarian Section. Our godl isto
asess if different groups of patients have different intrinsic
risks for GSection. Note that we are not trying to predict G
Section for any one patient. We want to make predictions of the
aggregate intrinsic risk for GSection in sub-groups of the
population. In our example, we observe that the G-section rate
of a population of 22,000 expectant mothers is 16.8%; yet, the
17 physician groups that serve this population have vestly
different Gsection rates, ranging from 11% to 23%. So one
question we would like to answer is why the group with 23% C-

section rate is doing more Gsections, is this higher rate in fact
warranted by the subpopulation they service, or isit because the
physiciansin this practice are more likely to use C-Sections than
other physcians? The ultimate god of sub-population
assessment is to determine if these variations in observed rates
can be dtributed to variaions in intrinsic risk of the patient
sub-populations (i.e, some groups see more high-risk G
section” patients), or they are due to differences in physician
practice (i.e. some groups do C-sections more often).

In Section 2 we briefly introduce the problem of G-Section rate.
A chi-square test was used to show that the variation in the
observed C-section ratesisin fact sgnificant. We use Leave-One-
Group-Out (LOGO) Cross Vdidaion, a modification to
traditional cross vaidation to show that no subgroup of petients
contains a digoint portion of patient population (eg., dl the
expectant mothers with diabetes do not all belong to only group
1.

In Section 4 we predict the intringc risk of each subpopulation,
and asdgn the difference between the predicted intrindc
population risk and observed risk, to physician practice. Thisis
suggested as a means of ranking physician groups based upon
true (i.e, patient-risk adjusted) performance. We examined the
performance of the models on the different subgroups to show
that much of this difference can in fact be assigned to physician
practice, and is not due to poor performance of our models on
someof the patient groups.

Section 5 points out severd differences between machine learning
for subpopulation assessment and for making predictions for
single patients.

2. BACKGROUND

2.1 Problem Definition

Inthe U.S,, about 17% of births are by C-section. In Europe, the
C-section rate is substantialy lower, but patient outcomes do
not appear to be worse. Lowering the rate of esection inthe
U.S. has both medicd and financid benefits. Insurance companies
inthe U.S. have begun gpplying financid pressureto lower the ¢
section rate. One such policy isto pay for afixed percentage of
c-sections, and the practice must make-up the difference if they
have a rate higher than the rembursed rate. If a practice has a
rate lower than the quota, it makes more profit.
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There are problems with using financid pressure to lower ¢
section rate.  One problem is the tragedy of the commons:

individua doctors often have incentives not to lower their e
section rate, even though groups of physicians would benefit by
lowering heir group rate. This problem is complicated by the
fact that not dl doctors see patients of equal risk. Some doctors
specidize in high risk pregnancies and thus should have a higher
c-section rate. But how much higher? To evduate practices
fairly, an objective model needs to be developed that can predict
whether or not patients should have received c-section.

2.2 Magee c-section Database

The database is from MageeWomen's Hospitd. It contains
22,176 patients from 1995-1997. Each record has 144 attributes.
Previous research [2] | eft the data clean and reedy for this study.
Each patient in the database is from one of 17 different physician
group practices. The specific god of this research is to identify
physician groups for which the actud csection rate and the rate
predicted by our modd differ significantly.

2.3 Prior Work

Dr. Poma notes in [4] that the rate of esection in the U.S.
increased  Sgnificantly, yet there has not been a rdaed
improvement in neonatd outcomes, suggesting thet the C-section
rate is unnecessarily high.

A report [3] by the Pennsylvania Health Care Cost Containment
Council dtates that cesarean deliveries carry increesed risk of
complications and longer patient recovery times as well as higher
hedlth care cogts. The average cost of ac-section in Southwestern
PA in 1998 was $7,8385 and the average cogt for a vagind
delivery was $4,787. There are benefits to a lower c-section rate
if outcomes are not adversdly affected.

In [3], an effort is made to use commonly agreed upon c-section
risk factors to distinguish between high risk and low risk
patients. In [4], an attempt is made to determine characteristics
of obstetricians that affect an obgtetrician's c-sectionrate. Links
are drawn corrdating the following factors to lower Gsection
rales younger obdetrician age, gradudion form a domedtic
medica school, bdonging to a group practice, and a smdler
number of births.

The authors of [1] compared the esection rates of different
hospitals, but needed to correct for the fact that each hospita
saw a different patient population, and thus had patients with
different risks for csection. They congructed a logistic
regresson modd to predict patient risk. Recently, studies by
members of our group indicated that machine learning methods
(decision trees and atificia neurd nets) might be preferable to
logigtic regression for this problem [2].

3. APPROACH

3.1 Decision Trees
We performed preliminary experiments with decison trees and
atificid neurd nets The reaults of these experiments are

summarized in Teble 1. We were dso intereded in the
resubdtitution performance because in a retropective analysis
we will be making predictionsfor patients which we have aready
seen, and resubdtitution yields a more consarvative prediction.
See Section 5 for a discusson of why the conservetive
resubgtitution prediction is to be preferred in subpopulation
assessment.

Previous work with this data [2] used Buntine's IND decison
tree softwarel6]. The results in Table 1 suggest that best
performance is obtained with IND's MML decision tree type.
MML decison trees ae grown to full size (often many
thousands of nodes on large datasets with many attributes) and
are not pruned. Ingtead, Bayesian smoothing is applied to the
tree to yield predictions at leaf nodes that are a function of the
class probahilities dong the entire path leading to each lesf node.
We often find that MML trees excdl at predicting probabilities
for problems with discrete outcomes, and thus often perform
wedl for ROC andlysis.

Three types of andyss were done with decison trees: 10-fold
cross-vaidation, leave-one-group-out (LOGO) and
resubdtitution.  10-fold CV was used to determine the
generdization performance of the trees. The LOGO and resub
anadyses were used to predict the C-section rate for each

physician group.

In order to do Leave-one-group-out, the data was split into 17

groups based on the physician group.
1. A tree was trained on dl groups except group i (i.e
groups 2-16).}

2. Group i wes evduaed usng the tree i.e. for each
patient, the tree was used to determine the probability
shewould need a C-section.

3. The probabilities were averaged to determine the
expected C-section rate for the physician groupi.

During LOGO andysis, the mode was checked for calibration by
verifying that the predicted csection rate on the training set was
approximately equd to the observed c-section rate on the training
st. Thefina result of the LOGO test was an average predicted
c-section rate for each of the 17 physician groups. (Results are
presented later in Section 4.

3.2 Neural Networks

We dso ran the expeaiments described above usng SNNS
(Stuttgart  Neurd Network Smulator) software  package.
Experiments were conducted to determine the best network
architecture and parameter sets. ROC area was used for early
stopping. Each network was evduaed by 10-fold CV. Best
neura net architectures are dso described in Table 1. Both best
neura nets performed best when trained with learning rate 0.1.
After 10-fold CV wes done to sdlect a good set of network
parameters (layers, hidden nodes, and learning rate), aleave-one-
group-out (LOGO) and resubgtitution analysis was performed.
The leave-one-group-out procedure is Smilar to that used for
decision trees.
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Cadliibration was a concern for neurd networks. When a neurd
network was tested on its training set, it was found that the
predicted Gsection rate and the actua Gsection rate on the
training data differed. A correction factor (the ratio of the actual
C-section rate of the training data to the predicted C-sectionrate
of the training data) was applied to the output of the neura
network to scale the output into probabilities.

4. RESULTS

Table 1 compares the peformance of MML and SMML
decison trees, and two different neurd net architectures. The
performance is measured two ways. The Test ROC column is
the average ROC from a 10-fold cross vadidation. The
resubgtitution ROC is the ROC computed over the data on
which the models were trained. As expected, the resubstitution
ROCs are larger than the 10CV ROCs. The resubdtitution ROC
for MML trees shows more overfitting than the other models.
Thisis because MML trees tend to be very large, and thus often
overfit the data. Note, however, that this overfitting is not
detrimental to the 10CV performance of the MML trees.

Figure 1 presents a comparison of Neurdl Netsvs M ML decision
treesfor predicting group risk.
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Figure 2 is a scatter plot of the observed esection rate vs. the
predicted rate for each of the 17 physician groups. Thisfigureis
drawn to the same scale as Figure 1 to facilitate comparison. The
predicted rate is the average of the rates predicted by neurd nets,
and decison trees, each

4.1 Subpopulation Assessment

We performed subpopulation assessment using best neura net
architecture and MML decision trees. We cannot present the
numerical results as atable because of space limitations.

For dl modes (10CV, LOGO, Resubtitution), we computed the
predicted rate for each physician group, and the difference
between the observed rate and the predicted rates. The predicted
rates are computed by averaging the predictions the models make
for each of the patients in a group. Averaging the probabilities
yidds the totd expected number of esections that each group
should have received according to the modd. We observed amdll
differences between the 17 physician group rates predicted by
Leave One Group Out modd and the ones predicted by
resubgtitution model. This fact points to a low variance of the
predictions viewed as random variables, which depends on the
particular model chosen.

Resub
Model Test ROC ROC

ANN 7 hidden units ~ 0.909 0.927

ANN 53 hidden units  0.906 0.93
MML Trees 0.91 0.958
SMML Trees 0.908 0.915
Figure 1: Model ROC Area
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trained with both LOGO and resubstitution. Points that fall near
the diagond have an obsarved c-section rate similar to that
predicted by the modds. Physician groups having lower €
section rates than the modds predict fall in the upper |eft.
Physician groups having esection rates higher than the models
predict fall in the lower right.

Mogt physician groups fal near the diagond, indicatingthat their
c-section rates are comparable to the rates predicted by the
modes. Physician groups H, J, and O, however, exhibit high G
section rates that may not be warranted.  Physician group G
exhibits a surprisingly low csection rate. (Group G may be the
one group in the study currently practicing at rates comparable
to those in Europe). It is important to note that these results to
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not necessarily imply that any physician group is doing the
wrong thing. These results do, however, point to interesting
groups for further investigation.)

The agreement between the neural net and decision tree models
(Figure 1) is better than the agreement between the models and
the observed rates (Figure 2). In paticular, there are no places
where the models disagree with each other as much as the models
disagree with the obsarved rates. Interestingly, the group where
the models disagree with each other most, group O, isagroup for
which the models disagree considerably with the observed rate.

5. DISCUSSION

It might seem that subpopulation assessment is Smply a matter
of goplying machine learning to individud cases, and then
agoregeting the case predictions.  This is not true. There are
donificant  differences between learning intended to make
predictions for individual cases, and learning for subpopulation
assessment.

5.1 Assumptions

Our approach makes saverd assumptions. One isthat by giving
modesintringc variables as inputs, they will be accurate enough
to compensate for these factors, yet unable to compensate for
extringc factors not given as inputs. The difference between the
observed and predicted risk is equd to the risk due to these
extrindc factors. These assumptions are not fully justified
because we may not capture dl variables that relae to the health
of the patient (missing inputs), because some of the extrinsc
factors may correlate with the intrindc variables (possibly
dlowing the modd to partialy account for extringc factors), and
because the learned mode probably does not learn to make as
accurate predictions for casesin the low and high risk tails of the
digribution asit doesfor cases near averagerisk.

Leave-one-group-out (LOGO) crossvdidaion makes an
assumption that leaving any one group out of the training set
does not diminate an entire class of patient. For example, if all
patients with diabetes were in group 5, when group 5 was held
out the modd would not learn about pregnancy with diabetes,
and thus might make poor predictions when tested on group 5.

5.2 Overfitting

In traditiond machine leaming where the god is to meke
predictions for individuad future cases, ovefitting is to be
avoided because it reduces generdization performance. In
subpopulation assessment, the situation is different. Consider a
modd with extreme underfitting, e.g., amode that just predicts
the average csection rate for dl patients. Thisis an acceptable,
though presumably suboptima, mode for making predictions
about individua patients. For subpopulaion assessment,
however, it is bad. Using it for subpopulation assessment is
equivaent to comparing the average rate of each group to the
average rate of dl groups.  Using this modd we are mogt likely
to determine that each group is being treasted ingppropriately, a
judgement we should not make unless we are very confident of it.

Now consder a model with extreme overfitting. If we use this
mode for resubgtitution, it predicts that each patient should
receive exactly the treatment they received (assuming the
database is consgtent).  When used for subpopulation
assesament, this model will assess that each group received the
correct c-section rate. Although the overfit mode is not sensitive,
it is consarvative. Thus underfitting leads to overly sengtive
tests, and ovefitting leads to conservative tests, for
subpopulation assessment. In traditiona machine learning one
usudly prefers smpler modds that peform wdl. In
subpopulation assessment, we may prefer more complex,
somewhat overfit models because they yield more conservative
tests.

5.3 Safer Application of Machine L earning

One difference between making predictions for individud
patients and for groups of patients is that predictions made for
individual patients often are intended to affect the hedth care
provided to theindividual. Subpopulation assessment, however,
often is used for retrospective analyses. The mode will not be
used to make care decisions for individua cases---the doctorsare
dill in control. Instead, the modd is used to provide feedback to
doctors about how their aggregate behavior differs from sandard
practice.

There is risk associated with providing inaccurate feedback to
doctors, but thisrisk is not as acute as that of making predictions
(which may be high variance or inaccurate for some patient
subclasses) that decide the hedth care for an individud.
Subpopulation assessment allows us the freedom to apply
advanced machine learning techniques to critical
domains in health care without assuming the risk that
usually prevents the models from being used in practice.

5.4 Calibration vs Relative Accuracy

In per-case prediction, usualy redive prediction accuracy is
more important than absolute accuracy. Thisis one reason why
ROC andysis usudly is used in medical decison making -- it is
more important to get the ordering of patients by risk correct
than it is to get the asolute prediction correct for any one
patient. Thisis not the case with subpopulation assessment. In
subpopulation assessment, cdibration is more important than
relative risk, because it is the aggregae risk that counts, and
errors in caibration probably will not be corrected by group
aggregation. The modds might have perfect ROC, but if their
cdibration is off, the differences between the group predictions
and the observed rates will be wrong.

6. FUTURE WORK

The methods we used do not eesly yidd confidences in their
predictions. Methods that provide confidences would alow usto
generate confidence intervals for each group's predicted c-section
rate. This, combined with the observed rates and the number of
patients in the groups might alow us to perform statisticd tests
on the difference between the observed and predicted rates.
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Best evidence thet c-section rate can be lowered without
adversdly affecting outcomes comes from other countries that
have lower esection rates but comparable outcomes. A second
database containing patients from a such a country might dlow
usto perform analyses not possible with the U.S. database aone.

We applied subpopulation assessment to the problem of
predicting C-Section Rate in different groups of patients.
Subpopulation assessment is gpplicable to many problems in
medicd decison meking. For example, we might want to
determine if different subpopulations of patients with heart
diseese recaive different rates of coronary bypass because they
have different risk, or because of other factors such as patient
socio-economic group, care provider (eg., smdl practice vs. large
practice, or specidty practice vs. generd practice), or hedth care
insurance (eg., HMO vs. PPO (pay-per-use)).

7. SUMMARY

We used decison trees with Bayesan smoothing and atificid
neurd nets for subpopulation assessment. In subpopulation
asesament, the god is not to make accurate predictions for a
sngle case, but to make accurate aggregate predictions for
groupsof cases.

Our analysis indicates that one group of patients who had a ¢
section rate of 23% (6% higher than the population average)
probably does not have enough eevated risk to warrant this ¢
section rate.  Other factors not included in the learned models
such as patient and physician preferences or hedth care funding
might explain why this group received more esections. Most
patient groups had predicted c-section rates Smilar to the
observed rates.
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