MEDINFO 2004

M. Fieschi et al. (Eds)
Amsterdam: IOS Press

© 2004 IMIA. All rights reserved

Comparison of Machine Learning Techniques with Classical Statistical Models in
Predicting Health Outcomes

Xiaowei Song?, Arnold Mitnitski®®, Jafna Cox”, Kenneth Rockwood®®

3 Geriatric Medicine Research Unit, QEII Heath Sciences Centre, Canada
b Department of Medicine, Dalhousie University, Canada
¢ Faculty of Computer Science, Dalhousie University, Canada

Abstract

Several machine learning techniques (multilayer and single lay-
er perceptron, logistic regression, least square linear separation
and support vector machines) are applied to calculate the risk of
death from two biomedical data sets, one from patient care
records, and another from a population survey. Each dataset
contained multiple sources of information: history of related
symptoms and other illnesses, physical examination findings,
laboratory tests, medications (patient records dataset), health
attitudes, and disabilities in activities of daily living (survey
dataset). Each technique showed very good mortality prediction
in the acute patients data sample (AUC up to 0.89) and fair pre-
diction accuracy for six year mortality (AUC from 0.70 to 0.76)
in individuals from epidemiological database surveys. The re-
sults suggest that the nature of data is of primary importance
rather than the learning technique. However, the consistently
superior performance of the artificial neural network (multi-lay-
er perceptron) indicates that nonlinear relationships (which
cannot be discerned by linear separation techniques) can pro-
vide additional improvement in correctly predicting health out-
comes.
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Introduction

The prediction of health outcomes from available data is an im-
portant problem in health research and health management. It is
usually assessed by calculating scores/indices for risk stratifica-
tion [1]. Conventionally, such scores are based on statistical
models, such as logistic regression and Cox proportional hazard
model [1,2]. Most such applications are based on the belief (al-
though not often explicit) that there exist a relatively small num-
ber of important variables (risk factors) and that careful selection
of those variables is the key to successful performance of the
models for outcome prediction. Unfortunately, however, risk
factors typically interact with each other in a complicated and
generally unknown way, and therefore often are eliminated from
predictive models. More recently, new techniques based on ma-
chine learning have become available (e.g., artificial neural net-
works, support vector machines). Such approaches are based on
inductive inference rather than on classical statistics [3]. Ma-
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chine learning algorithms are not widely available in statistical
software packages and even when they are, their application de-
mands skills, which are often outside the usual experience of
biostatisticians. Recently, some reports have compared different
learning techniques with “classical” statistical algorithms [4].
Such comparisons are generally few, and have explored only a
small number of techniques in a limited number of data sets
[2,5].

The aim of our report is to compare the performance of several
well known machine learning techniques (including ones based
on “classical” statistical models such as logistic regression) in
two distinct data sets: (i) patients with the acute care hospital
needs; and (ii) a population-based epidemiological survey that
contains physician assessment data and self-reported data. We
investigated the ability of the different techniques to learn from
data (the training samples) and to correctly classify individuals
at risk, and then compared the classification accuracy using the
separate part of data (the testing samples).

Materials and Methods

Databases and variables

The data came from two different studies: administrative data
from the Improving Cardiovascular Qutcomes in Nova Scotia
(ICONS) registry [6] and the Canadian Study of Health and Ag-
ing (CSHA) [7]. The ICONS database has a large sample (n~
35,000 patients), with more than 500 variables per patient, and
comprehensive follow-up. The database contains measures that
have been traditionally used to assess disease severity in a cardiac
population. The sample we used contains records of 4432 con-
secutive patients hospitalized in the Province of Nova Scotia
with acute myocardial infarction (AMI) in 2000 and 2001.
Among them 602 (13.7%) died within 30 days after admission to
the hospital and 974 (22.2%) died within 1 year. Thirty-seven
variables describing the histories of related illnesses (e.g. diabe-
tes, congestive heart failure, laboratory test results (e.g., creati-
nine, glucose, ejection fraction), and medications (e.g., beta
blocker, statine) were available [8].

The CSHA is a multi-year cohort study of cognitive impairment
and other aspects of the health of older Canadians aged 65 years
and older [7]. In the second wave of the study, 5586 community-
dwelling people were interviewed and 1597 (28.6%) died at the



end of 72-month follow-up. Forty variables which recorded data
about health attitudes, diseases (e.g., cancer, heart conditions)
and disabilities in activities of daily living were selected from
the screening question pool for the present study. In total 2305
people either from institutions or from community had a clinical
examination at CSHA. Among them, 1007 (43.7%) died by the
end of 72-month follow-up. Seventy clinical measurements
comprising disease were included in the CSHA clinical database
for the present study.

Binary variables were represented as O (absent) and 1 (present).
Multiple level variables were mapped into [0,1] interval using
linear transformation. Continuous variables were dichotomized
using conventional cut off values recommended by cardiologists
(e.g., heart rat >100 was recoded as 1, otherwise 0. In addition
we performed sensitivity analysis by varying the cut points and
assessing the predictive accuracy of the model during validation.
Age and gender were included as input variables. Survival status
of the subjects over various periods in the various databases was
used as output for the respective datasets. In ICONS, we inves-
tigated 30-day mortality prediction and separately 1 year mortal-
ity prediction. In CSHA, we considered separately the clinical
data sample and the self-report data. Therefore, four datasets
were used in the comparative analysis of the techniques further
called: CSHA clinical; CHSA self-reported; ICONS 30-day; and
ICONS 1- year.

Models and applications

Each technique was used to produce risk index score comprising
the available variables in each data set. The techniques included:
logistic regression (LR); single layer perceptron (SLP) with sig-
moid activation function; multi layer perceptron (MLP) with
back propagation algorithm; least squares linear separation
(LSS); and least squares support vector machine (LS-SVM) with
linear kernel [9].

Each dataset was divided into two non-overlapped samples:
training (2/3 of cases, to calculate the parameters of the models
and therefore to identify the formula for calculating the risk) and
testing (1/3 of cases to check the accuracy of classification pre-
diction). The accuracy of classification was assessed by the re-
ceiver operating characteristics (ROC) curves and the area under
the ROC curve (AUC) was used for comparison of different
learning techniques. All techniques were applied to each dataset.
The samples were randomly selected and all the calculations
were repeated 10 times, which allowed us to check the reproduc-
ibility of the risk assessment in different sub-samples, and to cal-
culate the means and standard deviations in each setting.
Comparisons of the mean values from each model were conduct-
ed using Analyses of Variance (ANOVA). The significance lev-
el was set at 0.05. Models, simulations, and statistical analyses
were performed using Matlab software (version 6.5).

Results and Discussion

In Table 1, the accuracy of predictions, assessed by the area un-
der the ROC curve (AUC), is summarized.
Each model shows similar values for the quality of separation in

each data set. There is a substantial difference in the accuracy be-
tween ICONS and CSHA data sets. These differences reflect

737

profoundly on the different nature of these databases. The
ICONS database contains the information used in clinic, about
the status of patients hospitalized with acute health conditions.
There is no surprise that such information is of vital importance
for the assessment of adverse health outcomes. All models better
predict 1-year mortality than 30-day mortality because some
measures crucial for short-term survival prediction (e.g., tropo-
nin) contained too many missing cases to be readily applied at
this point. Still the quality of prediction remains quite high (al-
most 0.90 in MLP and 0.85 in most other techniques).

Table 1: Performance results of different techniques in four data
sets: areas under the Receive Operating Curves (AUC) (means

and standard deviations).

CSHA2 | csHA2 | ICONS |ICONS
Clinical Self- 1-year 30-day
Model rprt
MLP 0.75 0.76 0.89 0.87
+0.01 +0.03 +0.02 +0.04
LSS 0.72 0.74 0.85 0.83
+0.03 +0.01 +0.02 +0.02
Ls- 0.72 0.73 0.85 0.83
SVM +0.03 +£0.03 | +0.02 +0.01
LR 0.71 0.72 0.84 0.82
+0.02 +0.05 +0.01 +0.01
SLP 0.70 0.70 0.85 0.82
+0.02 +0.04 +0.01 +0.02

Note: Values in each cell (mean and standard deviation) repre-
sent the result of 10 simulations in the testing data set.

In the CSHA dataset, the accuracy of prediction is considerably
lower (from 0.70 for the single layer to 0.76 for the multi layer
perceptron). Relatively poor prediction accuracy compared to
the ICONS dataset reflects both the longer period of follow-up
and that the CSHA database was designed as an epidemiological
study of elderly Canadians. Thus, it contains rather general in-
formation about individual conditions, and likely would not
have any data on people with major acute problems, who would
have been non-respondents [10,11].

The accuracy of prediction nevertheless seems to be rather high,
given the nature of the variables in the models. Interestingly,
there is no big difference in the prediction between data set con-
taining the assessments provided by physicians and self reported
assessment. The latter is conventionally considered as rather
crude, but our results suggest that much more attention should be
paid to self-report data. This may also imply that the quality of
the questionnaires, rather than the degree of accuracy of an-
swers, is more critical to the informativeness of the data.

Figure ! shows an example of the ROC curves for the prediction
of 1-year survival using the ICONS data. The sensitivity (true
positive rate) increases quickly with increases in the false posi-
tive rate and reaches over 80% at a low cut-off point. It remained
higher at the cut-off points of the risk score of above this level.
While the ROC curves are quite close to each other, the MLP

consistently showed the best performance in all data sets (Table
1). Slightly below that is the performance of LSS and LS-SVM



(second and third lines of Table 1). Both are linear algorithms,
as support vector machine is used here with linear kemnels [9].
Logistic regression and SLP (which is structurally similar to LR)
show inferior performance, although the difference is not statis-
tically significant. The good performance of the algorithms
based on the linear separation techniques (LSS and the linear
kernel L.S-SVM), may indicate that, in the first approximation,
the relationships between the outcome (mortality) and the vari-
ables can be well represented by a linear function. In this case the
interpretation of the parameters of the risk scores is straightfor-
ward: they indicate the relative importance of the variables in
predicting mortality. The coefficients of such models were al-
ways highly correlated between different models.
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Figure I - The Receiver Operating Characteristic (ROC)
curves for the risk scores obtained using several representative
models. The x-axis represents the false positive rate, i.e., the
proportion of subjects who survived but were classified as hav-
ing died. The y-axis represents the true positive rate, i.e., the
proportion of subjects who died and who were classified as to
die. Solid line: Multi-Layer Perceptron (MLP); Dashed line:
Least Square Separation Hyperplane (LSS); Dash-dot line:
Logistic Regression (LR); the diagonal line shows the case of no
useful information from the model. Below that, the instrument is
more often wrong than right.

Small but consistent superiority of the MLP in all data sets is
consistent with the importance of nonlinear relationships in bio-
logical data. This contributes to increasing accuracy of the mod-
el. Such nonlinear relationships are intrinsic in biological
systems. Serious health conditions seldom appear as a single
problem on their own, but usually present with a number of ac-
companying, less dramatic charges that, considered in isolation,
might not appear to be very important. However, each of the
variables may represent a small portion of the problem. There-
fore any characteristic can contribute to the overall picture of an
individual’s health, which explains the productivity of approach-
es that express mortality in terms of as many variables as possi-
ble [12].

The statistical significance of the model can be addressed in sim-
ulations when the calculations are repeated with random sub-
samples of data (so-called “bootstrapping” [13]). The confi-
dence interval measures of the model’s performance and of the
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influence of variables included in the model can be addressed in
such direct simulations.

Interestingly, the quality of the previously reported risk predic-
tive models, expressed as AUCs, rarely extends 80% [1,2,14-
16]. The question remains whether such accuracy can be exceed-
ed using advanced machine learning techniques or whether there
is a fundamental restriction of the particular data being evaluat-
ed, due to the “wrong” variables having been used, as is usually
presumed.

Our results, however, suggest that properly integrating the vari-
ous deficits (i.e., using multiple dimensional variables) has great
potential to successfully summarize individual health status
[12]. Problems associated with an organism usually involve fail-
ures in multiple system functions and/or living abilities and are
often displayed with multiple symptoms from many different as-
pects, as would be usual, for example, in summarizing the com-
plex needs of frail elderly people in a clinical assessment {17-
19].

Other nonlinear techniques need to be investigated in future
studies. Among them, support vector machines (SVM) with
polynomial kemels, radial basis networks (RBN) and nonlinear
discriminant analysis. We made a preliminary assessment of the
SVM with radial basis kernel in the ICONS dataset. The accura-
cy of the RBN model was not different from the linear models.
If this is an intrinsic property of the kernel with the data or it can
be improved by the appropriate selection of the tuning parame-
ters remains to be seen.

It is interesting to observe that models of the same linear type
that implemented different algorithms for case separation or
classification did not show substantially different performances.
This suggests that the choice of model amongst models of a sim-
ilar type may be less critical in these cases.

The fact that the non-linear models such as MLP (often called an
artificial neural network) further improved the accuracy of sur-
vival assessment suggests the existence of unknown interrela-
tions between the variables. This would also be consistent with
the observed inferiority of linear techniques in this inquiry. At-
tempts to impose, a priori, nonlinear relationships such as pair
interactions may or may not be successful. Clearly, such rela-
tionships would be desirable to discover, because their interpre-
tation can be very appealing. However, such efforts should be
undertaken only after there is an indication that nonlinear rela-
tionships may be important in a particular dataset. Since such
nonlinear relationships often can be established, more narrow
searches of particular interactions can be investigated using
more conventional models. Although the application of compu-
tational techniques is useful, the approach is entirely data driven.
As shown in the results from the CSHA data, no matter which
model was used and no matter how powerful it was, the model
itself cannot create information that is lacking in the database in
order to produce superior prediction performance. It is the vari-
able set itself, i.e., the amount of information contained, that lim-
its the performance of the possibility of higher predictive
accuracy. In the ICONS data, in contrast, the variables appear to
be more descriptive, with more complete information that more
validly represents the problems of the patients.



It is also of some practical interest to note that the speed of per-
formance (efficiency) is quite different across the applied tech-
niques. The most rapid (1-2 s) was seen with least squares linear
separation (LSS). It was an order of magnitude faster than logis-
tic regression and two orders faster than MLP or SVM.

We have suggested earlier that a simple but effective way of as-
sessment of the health status in such databases by calculating
frailty index as a simple proportion of deficits (binary variables)
[12,20]. We have demonstrated that using such simple frailty in-
dex mortality can be predicted with the accuracy of AUC=0.66
[21] and even higher (0.70) in the CSHA data samples used in
this study. Definitely, the assumption of equality of deficits is in-
adequate. Of note, each of the techniques considered here de-
rives a risk index score which, in fact, can be regarded as a
weighted frailty index [21]. Thus the importance of weighting
needs to be incorporated in future uses of such index variables,
although, unless the datasets are very large, the trade-off might
be in generalizability.

In conclusion, our results suggest that integrating large numbers
of diverse, clinically sensible measures, using various computa-
tional techniques is helpful for understanding determinants of
health status. However, not only the method, but also, and prob-
ably most importantly, the levels of sensitivity as to how much
information each dataset contains, determines the final perfor-
mance of the model.
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