
UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

Clinical decision support : distance-based, and subgroup-discovery methods in
intensive care

Nannings, B.

Publication date
2009

Link to publication

Citation for published version (APA):
Nannings, B. (2009). Clinical decision support : distance-based, and subgroup-discovery
methods in intensive care. [Thesis, fully internal, Universiteit van Amsterdam].

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

Download date:24 May 2023

https://dare.uva.nl/personal/pure/en/publications/clinical-decision-support--distancebased-and-subgroupdiscovery-methods-in-intensive-care(40ab8064-4109-4fdd-958b-4cb2c8d190b2).html


 

 

Chapter 4. PRIM VERSUS CART IN SUBGROUP DISCOVERY: 
 WHEN PATIENCE IS HARMFUL 

 
Submitted for publication 
 
 
Ameen Abu-Hanna, Barry Nannings, Dave Dongelmans, Arie Hasman 
 
 



54 

 

4.1. Abstract 

4.1.1 Context 

CART (Classification and Regression Trees) and PRIM (Patient Rule Induction Method) 
represent two well-established statistical machine learning algorithms. Preliminary 
comparison between their performances found PRIM to be advantageous over CART in 
subgroup discovery tasks, a finding that has been attributed to PRIM’s patience. There 
are no reported studies dedicated to comparing them on real world datasets.  

4.1.2 Objective 

To systematically compare PRIM with CART on a real-world clinical database, and 
inspect circumstances in which the PRIM algorithm is at a disadvantage. 

4.1.3 Methods 

We used a large multicenter dataset consisting of 41,183 records of intensive care 
patients with 86 input variables and one binary output variable (target) denoting survival 
status of a patient at hospital discharge. Subgroups were sought with markedly high 
mortality. Ten different scenarios for discovering subgroups were applied to the dataset. 
The scenarios differed in the number of subgroups sought and whether support or the 
target means of subgroups were constrained to match those of CART. Subgroups were 
evaluated in a split-sample design on coverage (a summary measure based on the 
subgroups’ support and target mean) and odds ratios of mortality within and outside a 
subgroup. Confidence intervals and statistical significance of differences in performance 
measures were obtained by 100 bootstrap samples with Laplace smoothing to avoid the 
zero-frequency problem.  

4.1.4 Results 

The best CART subgroup had a (bootstrapped) mean coverage of 419 and odds ratio of 
7.9. Depending on the analytical scenario, PRIM’s best subgroup gave usually 
statistically significantly worse coverage (range 206 to 393) and always significantly 
worse odds ratios (range 5.0 to 7.0). When the algorithms were allowed to find multiple 
subgroups, CART’s coverage was 627 which is statistically significantly worse than 
PRIM’s 693 but CART’s odds ratio with 6.3 was significantly better than PRIM’s 4.7. 
When matching PRIM’s subgroups, once by support and once by target mean, to those 
of CART, PRIM’s coverage (614 and 566) was, respectively, worse (but not statistically 
significantly so) and statistically worse than CART. With odds ratios of 5.0 and 5.5, 
PRIM’s performance was in both cases statistically worse than that of CART.  

4.1.5 Conclusions 

On the whole PRIM’s performance was, unexpectedly, inferior to CART’s: it performed 
worse in terms of coverage (except in the scenario where it was allowed to collect many 
subgroups) and always in terms of odds ratios. This inferiority is ascribed to PRIM’s 
failure to find a large contiguous subgroup that was found by CART at once and which is 
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fairly simple to describe involving a discrete ordinal variable. The culprit is PRIM’s 
reliance on patience without a true backtracking mechanism: it made peeling off a large 
chunk of data at a value of a discrete ordinal variable look less attractive than peeling off 
a smaller amount of many other variables, ultimately missing an important subgroup. 
This finding has considerable significance in clinical medicine where ordinal scores are 
ubiquitous. Many clinical scores, such as the Glasgow Coma Scale, have a dominant 
mode in their distribution. Although such scores are relevant for defining subgroups, 
PRIM will underestimate the effect of peeling them off in particular at their mode, 
rendering the search suboptimal especially if the mode is located at the variable’s 
minimum or maximum value. PRIM’s utility in clinical databases will increase when 
global information about (ordinal) variables is better put to use when a backtracking 
mechanism such as a beam-search to keep track of alternative solutions is created.  
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4.2. Introduction 

Many data-analytic problems in Biomedical research necessitate finding a function 
 that approximates the value of an output variable y, with some unknown 

probability density , for any value of x in input space. For example, one may want 
to predict the probability of survival of a patient based on patient and treatment 
variables. Various models, such as logistic regression and regression trees, and 
associated procedures have been described in the literature to induce such functions. 
Often, however, the interest is not in the approximating function itself but in finding 
minima or maxima of y. Instead of seeking a global model to predict the output variable 
for any subject in the population, one may be interested in regions in input space with a 
very high (or low) value of y. For example, one might want to identify a subgroup of 
patients who do not respond well to therapy, or a subgroup of genes that exhibit 
markedly different expression patterns. To identify these regions and/or the maximum or 
minimum values of y in these regions one can first induce  and then optimize this 
function. An alternative approach to determine such regions bypasses finding an 
approximating function (which may be a formidable problem itself) and directly seeks 
these regions. A well-established representative of this latter approach is PRIM (Patient 
Rule Induction Method), which has been gaining more ground since its introduction in 
[1]. PRIM is a patient bump-hunting (or subgroup discovery) algorithm. PRIM initially 
starts with all given data and iteratively discards observations of seemingly unpromising 
regions. In this manner it gradually zooms into regions with high values of y (bumps). In 
contrast to greedy or semi-greedy algorithms, PRIM is patient in the sense that in its 
heuristic search it attempts at each step to exclude only a small portion of the data. This 
is an attempt to guard against hasty initial decisions. By keeping enough observations 
for subsequent decisions, initial suboptimal choices may be recuperated from. 
 
It is only natural to compare PRIM to approaches that, in contrast to PRIM, induce an 
approximating function first, such as CART. Because CART and PRIM share the same 
symbolic IF-THEN representation (and, curiously, one co-inventor) it is important to 
compare their performances and understand their strengths and limitations. Indeed, in 
[1], where PRIM was introduced, a provisional comparison with CART was also provided 
in two domains: geology and marketing. From this comparison it appeared that PRIM 
performed better than CART in subgroup discovery tasks. This superior performance 
was attributed to PRIM’s patience. No other studies were dedicated to comparing them 
on real world datasets. We are only aware of a RAND working paper [2] that compared 
the two algorithms in the field of scenario discovery (for supporting decision analysis) on 
simulated data. Both algorithms were found to perform the required task. The study does 
however propose additional statistical tests to help evaluate the subgroups and suggests 
simple modifications that might enhance their scenario-discovery abilities. Other 
subsequent publications on PRIM, and indeed the papers appearing in [3] discussing the 
original paper of Friedman and Fisher often referred to this evidence of superiority of 
PRIM over CART.  
 
The objective of this paper is to systematically compare PRIM with CART on a large 
clinical database and inspect whether there are circumstances common to real-world 
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clinical databases in which PRIM is less effective than CART in a subgroup discovery 
task. 

4.3. Materials and Methods 

In this section we describe the two algorithms, the data set used in the comparison, and 
the comparison design. 

4.3.1 PRIM and CART 

CART [4] has been extensively described and investigated in the literature; tree 
induction has indeed become a mainstream topic and virtually any book on machine 
learning dedicates at least one chapter to this topic. PRIM has been well described in [1] 
but it is less likely to be known to researchers than CART. Our intention here is to 
provide an intuitive explanation and illustration of the subgroup discovery problem and 
the procedure that PRIM follows. 
 

4.3.2 Patient Rule Induction Method 

The optimization problem can be stated as follows. A sample is given of N observations 
 from some joint distribution with unknown probability density  where y 

denotes the output variable and x a vector consisting of p input variables, 
. The domain (set of all possible values) of each  is denoted by , thus 

. We seek a region B (called a box) in input space, in which the mean of the 

output variable, denoted as , is much larger than the population’s mean, , for 
example at least twice this mean. A box is described by intersections of some input 
variables’ sub-domains. For real and discrete ordinal input variables the domain subsets 
are represented by contiguous intervals. For example for input variable  denoting 
“blood pressure” the interval  describes a sub-domain . For categorical 
variables the specific sub-domain values are explicitly stated, e.g. if the variable  
denotes “reason of admission” and = {elective-surgery, planned-surgery, emergency}, 
then  = {elective-surgery, planned-surgery}  describes a sub-domain. The sub-
domains correspond to simple logical conditions, in our example  corresponds to “80 < 
blood-pressure < 120” and  to “reason-for-admission  {elective-surgery, planned-
surgery}”.  A box corresponds to the conjunction of its logical conditions. If there was no 
constraint on a variable  (that is ) then no constraint will appear for this variable 
in the definition of the subgroup. If among all input variables in our example there were 
constraints only for  and  then the rendered box corresponds to the condition “80 < 
blood-pressure < 120  reason-for-admission  {elective-surgery, planned-surgery}”. Let 
us define  as the expectation of y at x,  
 
 
 

Then of interest are boxes for which  is large. 
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When y is binary then  which is also the mean of y. 
 
 
PRIM can return a set of boxes (this whole set is called a rule in PRIM) by continuing the 
search for more boxes after removing the observations belonging to the last discovered 
box. Although these observations are removed, definitions of subsequent boxes may 
overlap with earlier discovered ones. The boxes may in fact be nested. The probability 
estimates for a box, e.g. for prediction, are calculated only after the observations of 
earlier boxes are removed. For example if there are two boxes  and  discovered in 
this order, then when regarding them as sets then the first is interpreted as  and the 
second as . 
 

An important property of a box  is its “support” . One prefers high 
support subgroups with high , but higher support usually causes lower , hence one 
should strike a balance between support and target mean (“target” refers to the output 
variable). The statistics  and  are estimated, respectively by: 
 

, and , where the function 1(condition) returns 1 

when condition is true, and otherwise 0. 
 
To find these boxes PRIM applies a procedure, which is first explained for continuous 
variables. PRIM includes the entire sample in an initial box, which is a rectangle in two 
dimensions and a hypercube in general. It then considers each face of the hypercube for 
shrinking by considering removing a user-specified percentage ( ) of the observations 
for the variable at that face. It selects the “peel” that results in the box with the maximum 
mean of the output variable. That is, at each step it considers two options for a variable: 
removing the data below the  quantile or above the 1 –  quantile of the variable’s 
distribution in the current box. Peeling follows essentially a hill-climbing search strategy 
in which each variable is considered in isolation. This peeling process continues by 
removing the proportion  of the remaining observations until a user-specified minimum 
proportion ( ) of the initial sample is reached in the box. The meta-parameters  
(peeling fraction) and  (support) control the induction process. At this point the PRIM 
algorithm performs a local inverse procedure to ‘peeling’ called ‘pasting’ aiming at 
recovering from possible sub-optimal choices made during the ‘peeling’ process. Pasting 
means expanding the current box with  of the observations that were removed earlier 
along the face that, if at all, improves the target mean until no further improvement can 
be found. Pasting is not likely to change the location of a box, it only refines its borders.  
 
For discrete ordinal variables the algorithm has no absolute control on the number of 
removed observations as all observations with identical values are considered together. 
For a categorical variable, PRIM inspects the removal of observations belonging to each 
one of the possible categories separately. For example, if the reason-for-admission 
variable in the current box has the domain {elective-surgery, planned-surgery, 
emergency} then only the sub-boxes corresponding to {planned-surgery, emergency}, 
{elective-surgery, emergency}, and {elective-surgery, planned-surgery} are evaluated, 
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but not {emergency} as this would imply removing in one step observations with the 
values elective-surgery or planned-surgery for this variable.  
 
PRIM does not require the imputation of missing values, it considers ‘missing’ as a 
legitimate value. When a variable, regardless of its type, has missing values in the 
current box, one of the additional possible candidates for peeling is removing the 
missing values. This allows for representing ‘not missing’ in a logical condition. When a 
condition does not explicitly exclude missing values for some variable then the condition 
is considered true for observations with missing values for that variable. The idea behind 
this design choice is that if it really mattered for the subgroup to exclude missing values 
of a variable, PRIM would generate a condition explicitly excluding the missing value 
such as “80 < blood-pressure  not-missing(blood-pressure)”. 
 
As with any model fitting procedure, especially for non-parametric models, one should 
guard against overfitting. Translated to PRIM, overfitting occurs when a subgroup 
appears to have a high target mean on the (idiosyncratic) sample but in the population 
this mean is actually lower. The smaller the subgroup, the higher the risk of overfitting 
(imagine finding a subgroup consisting of only one observation which had a high y 
value). To this end PRIM provides the possibility to randomly draw an “internal holdout” 
set that is not used for defining the boxes but solely to measure the target mean in the 
holdout observations belonging to various subgroups. By comparing the target mean in 
the training and the holdout sets, the analyst can assess the risk of overfitting and reject 
subgroups with lower performance on the holdout sets falling in the respective 
subgroups.  
 
Figure 1 illustrates the initial steps taken by PRIM to discover a subgroup with a high 
density of mortality in a two-dimensional space for continuous variables. The variable  
denotes the maximal creatinine value in micromol/l and  the urine production in litres, 
both within the first 24 hours of admission to an Intensive Care Unit (ICU). The solid 
circles denote non-survivors and the hollow ones survivors. The figure shows the first 
two steps in the algorithm. In the first step, the proportion  of observations with the 
highest values of variable  are removed. In the second step the proportion  of the 
remaining observations with the highest value of variable  are removed. The final 
subgroup is shown as a rectangle, here defined by observations with “120 < < 650  
0.5 < < 1.5”. The number of observations in the subgroup should be at least  of the 
total sample.  

4.3.3 Differences between PRIM and tree induction with CART 

PRIM’s guiding principle in the search for boxes is patience in terms of the observations 
it removes in each step. For a continuous variable, PRIM peels off  observations at 
each step. In the case of a discrete ordinal variable the number of peeled observations 
cannot be tightly controlled (it may exceed  observations) and is chosen as the one 
closest to  observations. For a categorical variable no more observations at one step 
can be removed than those belonging to one single value of that variable. 
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Figure 1. An illustration of the first two steps in PRIM and the final discovered subgroup with high density of 
mortality in a two-dimensional space. The solid and hollow circles denote non-survivors and survivors, 

respectively. 

Let  denote the improvement in the target mean when the sub-box rb is considered 
for removal from the current box B, . Because, due to the various 
variable types, different numbers of observations are considered for removal at a given 
step, PRIM can also evaluate, as an additional strategy, the improvement in the target 
mean per unit of removed support. In this case PRIM provides an adjusted measure of 
improvement:  where  is a penalty function for the lost 
support. Two options for this function are operational in the SuperGEM implementation 
of PRIM [5]:  and . The lost support is penalized 
more in . In the discussion on peeling in [1] these strategies are still considered to 
have greedy components and a more proactive strategy to combat greed is discussed 
as well, which can be applied in addition to the earlier strategies (each strategy results in 
its corresponding peeling trajectory as described below). In this latter strategy, for each 
variable and for each of its possible m sub-boxes (m varies per variable, especially for 
categorical ones) that are allowed for removal we calculate . One implementation 
of this strategy, referred to here as the “input variable criterion” is to first select the 
variable for peeling for which  is largest, and only then 
to make the best peel for that variable. This strategy selects variables that have the 
potential to peel more observations in subsequent steps. Consider for example a 
categorical variable with 10 values for which the largest and smallest improvements are 
I1 and I2, respectively. This variable will become more attractive than, say, another 
variable with two possible peels corresponding to I3 and I4 when I1 - I2 > I3 – I4 even 
though I1 may be much smaller than I3. Selecting the categorical variable with the many 
values will likely leave more observations for subsequent steps.    

Aside from patience, another difference between CART and PRIM is handling missing 
values. Unlike PRIM, CART does not consider missing values as separate legal values. 
When confronted with the dilemma of sending a subject to the left or right child of a 
parent node, CART relies on variables, called surrogate variables, that best mimic the 
“left-right dispatch” behavior of the variable at the parent node. 
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Figure 2. An illustration of one peeling trajectory showing box mean versus support obtained by top-down 
peeling. The point with the bold outline marks the initial box (including all observations with a global target 

mean). Using different strategies for peeling will result in multiple trajectories on the same graph. 

 
Aside from patience, another difference between CART and PRIM is handling missing 
values. Unlike PRIM, CART does not consider missing values as separate legal values. 
When confronted with the dilemma of sending a subject to the left or right child of a 
parent node, CART relies on variables, called surrogate variables, that best mimic the 
“left-right dispatch” behavior of the variable at the parent node. 
 
There is also a conceptual difference between the expected usage mode of the 
algorithms. Although both require a good understanding of data analysis and the 
(clinical) problem at hand, PRIM usually requires more interaction with the user 
(analyst). The PRIM user needs to define (and tune)  (the peeling proportion) and 
(the minimal support); choose boxes from the peeling trajectory for further inspection 
(the series of successively smaller generated boxes corresponding to the successive 
peels); and to manually manipulate box definitions. Figure 2 illustrates the peeling 
trajectory for a fictional classification problem. The trajectory consists of the boxes’ mean 
versus their support obtained by top-down peeling for some given  and . The initial 
box including all observations is successively shrunk by peeling until very small groups 
emerge with a target mean close to 1 (for a binary outcome). The user may plot multiple
trajectories on the same plot, each trajectory associated with e.g. a different choice of , 
a different choice of support-adjusted improvement, or with a bootstrap sample of the 
original data. The user can choose which box in the (single or multiple) peeling trajectory 
to consider based on statistical considerations and on domain knowledge. Once a box is 
selected for further inspection the user may remove variables from the definition of the 
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subgroup and manually change the definition (e.g. change the threshold values in the 
definition). For example if the original definition of the subgroup includes the condition 
“120 < creatinine < 650” the user may decide to narrow the range of creatinine in the 
condition by changing it to “125 < creatinine < 642”.  SuperGEM supports the user by 
providing diagnostic measures such as a sensitivity plot for each box-defining variable. A 
sensitivity plot shows how much the target mean would be influenced by (local) changes 
made to the boundaries of the box. The process of adjusting subgroups is however 
cumbersome as a change in any variable may affect the sensitivity plots of all other 
variables because the plots are conditional on the box. This means that results are very 
much dependent on the analyst and his or her skills. 
 

4.3.4 Case study 

The Dutch National Intensive Care Evaluation (NICE) [6] maintains a continuous and 
complete registry of all patients admitted to the intensive care units (ICUs) of the 
participating hospitals in the Netherlands. The data used in this study consisted of all 
41,183 consecutive admissions of patients from 1 January 2002 until 30 June 2006 who 
satisfy the SAPS II [7] inclusion criteria (no readmissions, no cardio-surgical patients, 
and no patients with burns). Two thirds of the records were used for training and the rest 
for testing. Table 1 shows some characteristics of the sample. 
 
 

Variable Summary statistic (N = 41,183) 

Age in years, IQR(median) 53-75 (66) 

Admission type, %  

 Medical 53 

 Surgical unscheduled 20 

 Surgical scheduled 27 

Male, % 41 

SAPS II Score, IQR(median) 26-50 (37) 

GCS 24 hrs after admission = 15, % 78 

ICU LOS in days, IQR(median) 1.7-7.2 (3.0) 

Hospital mortality, % 25.6 

Table 1. Characteristics of the sample. IQR = Interquartile range (the range between the 25thto the 75th 
percentile). SAPS = Simplified Acute Physiology Score, GCS = Glasgow Coma Score, LOS = Length Of 

Stay. GCS ranges between 3 (highest severity in the neurological system) and 15 (normal condition).   

The data included 86 input variables whose values correspond to quantities measured 
within 24 hours from admission to the ICU. They cover demography (e.g. age), 
physiology (e.g. creatinine), therapy (e.g. vasoactive medications), conditions (e.g. 
sepsis), and organ-system assessments (e.g. Glasgow Coma Scale). They include 45 
continuous input variables, 18 binary and categorical variables, and 23 discrete ordinal 
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variables represented as integers. The discrete ordinal variables reflect severity-of-
illness scores. Three of these are variants of the Glasgow Coma Scale (such as the 
worst GCS score in the first 24 hours of admission) and 17 variables were obtained by 
categorizing continuous variables according to the Acute Physiology and Chronic Health 
Evaluation (APACHE) IV cut-off criteria or APACHE II [8] or the Simplified Acute 
Physiology Score II (SAPS) [7], in this order. An example of a categorization is 
converting a patient’s worst measured mean blood pressure (furthest from 90) within the 
first 24 hours of admission of 145 mmHg (which is quite severe) into a score of 10, or a 
minimum body temperature value of 35.5 °C into a severity score of only 2. These 
categorizations into integer values allow us to group very high and very low values 
together in a single logical condition. The induction algorithm has a choice between 
using a severity score and the raw data on which it is based, and although unlikely, it 
can also choose to use both. 
 
In this case study we are interested in finding subgroups for which the mortality is 
markedly higher than the sample mean. Based on advice from the intensive care unit 
specialist (the third author) the minimum support was set at 3% (a similar decision was 
made in [9]). The actual support may be higher, notably when there are indications of 
overfitting (that is, while the support decreases the performance on the internally held-
out set drops, unlike the performance on the training set). 
 

4.3.5 Comparison design 

There are two factors that hinder the comparison between PRIM and CART. The first is 
the fact that CART, unlike PRIM, does not provide a tradeoff between mean and 
support. Friedman and Fisher suggested the following procedure to make their results 
comparable. First CART is applied and its best J subgroups are identified. Then a PRIM 
subgroup is generated to match each of the J subgroups of CART. A PRIM subgroup is 
made to match either the CART subgroup’s support or the target mean of that group, 
whichever can be approximated better. The other issue hindering comparison is the 
intensive user interaction required by PRIM: if care is not taken, a comparison between 
the two algorithms may actually be a comparison between the analytical skills used in 
each approach. In order to adequately compare PRIM with CART one therefore should 
devise a reasonable semi-automated strategy for doing data analysis in PRIM, but 
acknowledge that the PRIM analyst is much less restricted in practice.  In fact with 
enough tweaking of a subgroup’s definition, the PRIM analyst can represent any 
subgroup that the tree can express. The question is however whether the analyst can 
derive equally good or better subgroups than CART’s subgroups with reasonable 
“effort”. In this paper we apply a strategy for conducting the comparative study by 
designing a variety of analytical scenarios. The first class of scenarios is perceived as 
comprising scenarios that are “reasonable” for an analyst to perform. In particular one 
may be interested in the single best subgroup achievable. To this end we allow for 
various (in this study 6) different sub-scenarios to arrive at this subgroup. Alternatively 
the analyst may be interested in all discoverable subgroups. To this end we allow for 
iterative discovery of subgroups in PRIM. For CART we allow for non-iterative (by 
considering the best subgroups in the partition induced by CART) as well as for iterative 
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discovery of subgroups (CART is reapplied on the dataset after removing the best 
subgroup in the previous iteration). The other class of scenarios is specifically meant to 
facilitate a “fair” comparison between PRIM and CART by matching their subgroups’ 
support or target mean. 
 
The analysis strategy consists of the following conceptual steps and is illustrated in 
Figure 3, which functions as a road map for the experiments: 
 

1. Define a minimum clinically relevant subgroup support for both algorithms 
(denoted by �0 in PRIM). 

 
A. Comparisons of the best CART’s subgroup with PRIM’s subgroups 

obtained in six ways (see Figure 3A).  
 

2. Induce from D a CART tree T1 and denote its best subgroup (i.e. with the highest 
target mean) by s1(T1) with support Supp(s1(T1)).  

3. Select a peeling parameter  for PRIM. 
4. Induce from D the best PRIM subgroup P1 (with support �0), compare the 

performance of P1 to s1(T1). Note that we expect that the PRIM subgroups will 
be smaller in size than the subgroups of CART because, unlike CART, PRIM can 
control the size of the subgroup. Obtain P1b by expanding P1 to match the 
support of s1(T1), compare the performance of P1b to that of s1(T1). Expanding 
a subgroup PA to match a subgroup with higher support PB means that the last 
conditions along the peeling trajectory leading to PA are dropped one by one, 
thus enlarging the subgroup, until a subgroup is obtained with the support of PB. 

5. Remove observations belonging to P1 from D and reapply PRIM to induce P2. 
Compare the performances of P2 and s1(T1). Obtain P2b by expanding P2 to 
match support s1(T1), compare the performances of P2b and s1(T1). 

6. Apply PRIM to D with �0= Supp(s1(T1)) to induce P3b, compare performance to 
s1(T1). 

7. Remove observations belonging to P3b from D, reapply PRIM with �0= 
Supp(s1(T1)) to induce P4b, compare performances of P4b and s1(T1). 

 
B. Comparisons between the sets of all allowable subgroups obtained by the 

algorithms (Figure 3B): 
 

8. Define the minimum target mean on a subgroup to render it acceptable.  
9. Denote the set of all acceptable subgroups in T1 by TREE1all = {s1(T1), s2(T1), 

…}. 
10. Apply CART in a PRIM iterative manner where only the best subgroup is 

obtained each time: Start with D and obtain the best subgroup (the very first one 
will be s1(T1)), then remove the observations of the last retrieved subgroup from 
the remaining data and reapply CART (giving T2 and T3 etc.) until no acceptable 
subgroups can be found. Denote the set of thus obtained CART groups by 
TREESall =(s1(T1), s1(T2), …} 
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11. Iteratively induce all the acceptable subgroups in PRIM to obtain the set PRIMall 
= {P1, P2, …}. 

12. Compare performance of PRIMall to TREE1all and to TREESall. 
 

C. Comparisons between the set of subgroups TREESall to sets of matched 
PRIM subgroups (Figure 3C): 

 
13. Generate PRIM subgroups matching the subgroups in TREESall on target mean 

and/or on support. 
14. Compare the performance of these matched PRIM subgroups to that of the 

subgroups of TREESall. 
 
 
 

 

Figure 3. The figure illustrates the three components of the comparative approach between PRIM and 
CART in inducing subgroups from a given sample D. In A the major question is how do the PRIM subgroups 

obtained in 6 variants compare to the first best tree subgroup s1(T1).  P1 and P2 are obtained without 
matching their support to s1(T1). P1b,  P2b, P3b and P4b  have the same support as s1(T1). In B the 

algorithms are free to collect all the encountered acceptable subgroups. The set TREE1all consists of all the 
acceptable subgroups in the first induced tree T1. The set TREESall consists of the single best acceptable 
subgroup from each induced tree in the following manner: once a tree is fit, observations belonging to its 

subgroup are removed from the current sample before the next tree is induced. In C, PRIM induces for each 
subgroup  a matching subgroup to s based on its support or target mean. In case both can 

be well approximated then both matches are tried.  

 

4.3.6 Operational aspects 

To make our strategy operational and the experiments amenable for reproduction we 
provide details below on the various design and implementation decisions that were 
made. 
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Minimum support and peeling rate 

In our case study  = 3%, based on expert opinion. We will use  = 0.05 as this has 
been considered by [1] as a good choice. 
 
Inducing CART trees: a CART tree is induced by the “rpart” procedure in the R statistical 
environment by specifying that the tree is a classification tree, the splitting criterion is 
based on information gain, the minimum number of observations per node is , and 
the tree complexity is 0.0001 (very high). High complexity assures that we arrive at the 
smallest possible subgroups (which still have at least the minimum number of 
observations per node) but may necessitate pruning to avoid overfitting. The tree is 
pruned, if needed, at the complexity level (number of splits) where the cross-validated 
error (based on the training set) is minimal. 

Discovering a PRIM subgroup 

A PRIM subgroup is obtained by running SuperGEM 1.0 [5] in the Splus environment 
with the given  and  meta parameters and the following instructions: allow for bottom-
up pasting, require a minimum number of 10 peeled observations per step, allow for 
peeling based on all sub-box penalty criteria and also on the “input variable criterion” 
(see above), and use 10 bootstrap samples of D. The latter two instructions lead to a 
multiple peeling trajectory (each choice of a peeling criterion results in its mean-support 
points on the trajectory plot and each bootstrap sample creates a separate peeling 
trajectory). The box in the peeling trajectory with the highest target mean is chosen and 
the conditions in its definition are scrutinized. The conditions in PRIM are ordered 
according to their influence on outcome. Conditions are included in a descending order 
of influence, one by one, making the subgroup smaller and smaller until the point for 
which the (1 fold) cross-validated mean on the internally held out dataset shows for the 
first time a drop in the target mean. This circumstance signifies that dropping the support 
beyond this point by adding the next conditions, even if we did not arrive at  will overfit 
the data. 
 

Acceptable subgroups 

Aside from its minimum support, we consider a subgroup acceptable when its target 
mean is at least twice the (a priori) target mean in D. 

Performance measures: 

We use two summary measures (on the completely independent test set) of relative 
performance. The first is coverage ratio, which has been defined in [1]. For K subgroups 
the coverage is .  
 
Table 2 provides data to illustrate the calculations of the performance measures used in 
this paper. 
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Subgroup Size Mean 

Total population 100% 0.5 

PRIM subgroup1 of 2 5% 0.8 

PRIM subgroup2 of 2 2% 0.6 

Non Prim rest data 93% 0.482 

CART subgroup1 of 2 1% 0.9 

CART subgroup2 of 2 4% 0.6 

Non CART rest data 95% 0.492 

Table 2. Example data. 

Given these data the coverage of the PRIM and CART subgroups is: 
Coverage PRIM subgroups: 0.05(0.8 – 0.5) + 0.02(0.6 – 0.5) = 0.015 +  0.002 = 0.017 
Coverage CART subgroups: 0.01(0.9 – 0.5) + 0.04(0.6 – 0.5) = 0.004 + 0.004 = 0.008 
 
The coverage ratio is , a value of 1 indicates similar performance, a 
value > 1 indicates better performance for PRIM and value < 1 indicates better 
performance for CART. In this example the CR is 0.017 / 0.008 > 1, thus PRIM performs 
better than CART in this example. 
 
The second performance measure (ROR) is the ratio between the odds ratio (OR) of 
PRIM to the odds ratio of CART. The odds ratio of each algorithm is calculated as: 
 

 

 
where  and . Again ROR = 1 indicates equal 
performance, ROR > 1 better performance for PRIM, and ROR < 1 better performance 
for CART.  
 
In our quantitative example the odds ratio of PRIM is calculated as follows: 
 
PRIM: 
 

 
 
CART: 
 

 
 
 
Then  indicating PRIM’s performance is better than CART (in our 
example). 
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We use ROR, which is meaningful for binary outcomes, because of two reasons. First, 
the odds ratio, a measure of effect size, describes intuitively the strength of the 
association between mortality and belonging to a set of subgroups.  Secondly, we 
envision using subgroups in traditional logistic regression predictive models: a 
membership to a (set of) subgroup(s) can be represented by a dummy (indicator) 
variable alongside other input variables. The coefficient of the dummy variable obtained 
by fitting the logistic regression model can be interpreted in terms of the natural 
logarithm of the odds ratio. Hence the link between subgroups and odds ratios is 
important. Unlike CR, ROR is not sensitive to the subgroup’s support but focuses on the 
target mean in a region of interest. 

Confidence intervals and statistical significance 

For each experiment we applied 100 bootstrap samples of D (a larger number of 
bootstrap samples did not change any of the results). Note that these bootstrap samples 
are unrelated to the 10 bootstrap samples used during subgroup discovery. For each of 
the 100 bootstrap samples the observations falling into the subgroups under comparison 
were determined and then the performance statistics for each algorithm were calculated. 
The 2.5 and 97.5 percentiles of the bootstrap distribution of each statistic were used to 
get the 95% confidence intervals (this is called the bootstrap percentile method). To 
avoid the zero-frequency problem that may arise in some bootstrap samples, Laplace 
smoothing was used. This means that in estimating a probability such as 

 instead of simply using the frequency of occurrence of  in 
Subs (that is,  1 is added to the numerator and 2 (the 
number of classes) to the denominator. For declaring statistical significance of the 
difference in the performance of the two algorithms at the 0.05 level, the same 100 
bootstrap samples were used to also calculate the bootstrap distribution of CR and 
ROR. When the lower bound of the 95% confidence interval of this distribution for one of 
these statistics is > 1 then PRIM is statistically significantly better than CART and when 
the upper bound of this interval < 1 then CART is statistically significantly better than 
PRIM. 

4.4. Results 

The results are structured according to the steps described in the methods section. For 
illustrational purposes the first discovered subgroups of CART and PRIM will be shown 
first, but as this study has a performance perspective on the comparison between the 
algorithms we will focus on performance statistics. 
 
The first step in the experiments was inducing a classification tree T1. T1 is shown in 
Figure 4, its best subgroup s1(T1) (i.e. the one with the highest target mean) 
corresponds to patients with GCS at 24 hours after admission with values of 3 or 4 (the 
tree indicates “ ����� ” for the left branch, hence “ < 4.5 ” for the right branch but the 
variable has discrete values between 3 and 15).  
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Figure 4. The induced CART tree T1 on D. The conditions are shown at each split. The variable gcs.24 
denotes the 24h (measured from time of admission) GCS, urea the 24h-highest value of the serum urea (in 

µmol/L), urine.8 the least urine production in an 8h period within 24h (mL/8 uur), mech.v.a whether  the 
patient was on mechanical ventilation after 24h, and bicarb.m denotes the 24h-highest serum bicarbonate 
value (µmol/L).  Observations for which the condition is true are sent to the left child node of the split. A 

label of 0 or 1 at a leaf node indicates whether the majority of observations at that leaf consist of survivors or 
non-survivors, respectively. The S/NS format at a leaf node indicates the number of survivors (S) and non-

survivors (NS). The best subgroup s1(T1) is marked by a solid-lined rectangle. In the training set the support 
of s1(T1) is 6.6% [(514+1282)/27078] and the target mean is 0.71 [1282/(514+1282)]. The dashed-lined 

rectangle marks the second best subgroup s2(T1) with 4% support and target mean of 0.6. 

 
The next step was the induction from D of a PRIM subgroup P1 (with support ). 
Applying PRIM on D resulted in the following best PRIM subgroup P1 with 19 conditions 
(considering conditions such as 120.5 < max creatinine < 643.0 as one condition): 
 

1. 120.5 < max creatinine< 643.0  
2. urine.8 < 332.5  
3. not-missing(urine.8))  
4. vasoactive medication   = Yes  
5. score of urine.24 > 2  
6. minimum mean blood pressure < 120.5  
7. least Partial Pressure of Oxygen in Arterial Blood/Fraction of Inspired 

Oxygen > 0.34  
8. Fraction of Inspired Oxygen > 35.5  
9. max hemoglobin > 7.05  
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10. urea score >  4.5  
11. max serum bicarbonate <  24.15  
12. Partial Thromboplastin Time > 11.15  
13. reason-for-admission  {Medical, Urgent-Surgery}  
14. maximum respiratory rate < 20.5  
15. age > 45.5  
16. minimum thrombocyte count <  318.5  
17. not-missing(admission GCS)  
18. minimum serum bicarbonate < 32.25  
19. not-missing(Partial Pressure of Oxygen in Arterial Blood)  

 
 
Note the use of the “not-missing” predicate and of the score variables (for urine and urea 
in conditions 5 and 10). Interestingly gcs.24 was not selected in the PRIM subgroup 
while it was the sole variable present in s1(T1). In the training set the number of patients 
in P1 was 1092 (lived = 335, died = 757) with support of 4% and target mean of 0.69. 
 
 
Expanding P1 to P1b (with support as close as possible to s1(T1)) delivered the 
following subgroup: 
 

1. 120.5 < max creatinine< 643.0  

2. urine.8 < 332.5  
3. not-missing(urine.8))  

4. vasoactive medication  = Yes  
5. score of urine.24 > 2  
6. minimum mean blood pressure < 120.5  
7. least Partial Pressure of Oxygen in Arterial Blood/Fraction of Inspired 

Oxygen > 0.34  

8. Fraction of Inspired Oxygen> 35.5  
9. max hemoglobin > 7.05 

 
 
Note that the conditions of  are the first 9 conditions of . The training set  
included 933 patients (363 lived and 750 died) amounting to a 6.6% support. The target 
mean in the training set is 0.61. The performance of the algorithms will only be 
compared on the independently held out test set.  
 
The tables below summarize all results of the experiments on the test set. The subgroup 
identifiers in these tables conform to the subgroup names shown in Figure 3. Table 3 
shows the results of the “A component” (see Figure 3) of the comparative approach. 
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Subgroup 

Identifier 

(#vars, cond 

gcs.24) 

Subgroup 

characteristics 

Performance measures and 

comparison with CART 

 N 

(lived/died) 

S 

% 

M C 

(95% CI) 

CR=C/CCART 

(95% CI) 

O 

(95% CI) 

ROR=O/OCA

RT 

(95% CI) 

S1(T1) 

(1) 

958 

(289/669) 

6.8 

 

70 

 

419 

(382, 458) 

1 

(reference 

group) 

7.9 

(6.2, 8.4) 

1 

(reference 

group) 

P1 

(19, no) 

536 

(189/347) 

3.8 65 206 

(181, 237) 

0.49* 

(0.42, 0.57) 

5.5 

(4.7, 6.5) 

0.75* 

(0.58, 0.96) 

P1b 

(8, no) 

933 

(363/570) 

6.6 

 

61 

 

332 

(299, 360) 

0.79* 

(0.68, 0.87) 

5.0 

(4.4 , 5.6) 

0.68* 

(0.57, 0.8) 

P2 

(11, gcs.24< 11) 

671 

(204/467) 

4.8 

 

70 

 

292 

(256, 326) 

0.7* 

(0.62, 0.79) 

7.0 

(5.9, 8.3) 

0.96 

(0.79, 1.16) 

P2b 

(5, gcs.24< 11) 

941 

(304/637) 

6.7 

 

68 

 

393 

(356, 434) 

0.94 

(0.85, 1.04) 

6.6 

(5.7, 7.5) 

0.91 

(0.77, 1.05) 

P3b 

(15, no) 

937 

(347/590) 

6.6 

 

63 

 

343 

(303, 383) 

0.82* 

(0.72, 0.94) 

5.2 

(4.5, 5.9) 

0.72* 

(0.61, 0.86) 

P4b 

(7, gcs.24<11) 

983 

(354/629) 

7.0 

 

64 

 

371 

(332, 413) 

0.89* 

(0.82, 0.96) 

5.6 

(4.9, 6.6) 

0.76* 

(0.67, 0.87) 

 

Table 3. Results for component A of the comparative approach: Subgroup identifiers and characteristics, 
and (comparative) performance measures between CART’s first best subgroup and subgroups identified by 

PRIM based on 6 analytical scenarios. # vars denotes the number of variables in a subgroup’s definition, 
“cond gcs.24” indicates whether and which condition was expressed by the gcs.24 variable in the definition 

of a PRIM group. The gcs.24 variable is the sole variable appearing in the tree. “N” indicates the total 
number of patients and how much died and lived, “S” indicates support (percentage of the data covered by 

the subgroup), “M” indicates the percentage of mortality, C indicates the Coverage (mean and 95% 
confidence interval), CR the coverage ratio (mean and 95% confidence interval), O the odds ratio (mean 

and 95% confidence interval) and ROR the relative odds ratio (mean and confidence interval). An asterisk (*) 
denotes statistical significance at the 0.05 level. 

 
For example the row corresponding to the  subgroup in Table 3 states that the 
subgroup is defined by conditions on 7 variables, and that the variable gcs.24 appears in 
this definition with the constraint “gcs.24 < 11”. There are 983 patients in  in the test 
group of which 354 survived and 629 did not survive. The support of the subgroup is 7% 
and the target mean in the test set is 64%. The mean coverage of P4b is 371 with a 
confidence interval (CI) ranging between 332 and 413 (obtained from the bootstrap 
distribution). The ratio of the coverage of  and the coverage of s1(T1) is 0.89 with CI 
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ranging between 0.82 to 0.96. The asterisk superscript at 0.89 signifies statistical 
significance at the 0.05 level: the null hypothesis that P4b and s1(T1) have the same 
coverage (i.e. CR=1) can be refuted because the confidence interval does not include 
the value 1. CR < 1 means that the coverage of s1(T1) is better (higher) than that of  

.  has an odds ratio of 5.6 with confidence interval of 4.9 to 6.6. ROR is 0.76 with 
a CI of 0.67 and 0.87 which means that s1(T1) has a  statistically significantly better 
(higher) odds ratio than .    
 
Table 4 shows the results of the “B component” of the comparative approach (see Figure 
3). The set TREE1all consists of s1(T1) and s2(T1) (the second subgroup of T1, which 
appears in Figure 4). TREESall consists of s1(T1) and the best subgroup discovered by 
running CART on D after removing the s1(T1) observations, referred to as s1(T2). The 
subgroup s1(T2) turned out to be very similar to s2(T1), it had the same definition except 
that the condition  urine.8  ����	�
�����������8  ��������������������������
����������
to be included. Whereas the set of the four PRIM subgroups found, has 15.5% support, 
each set of the CART subgroups, TREE1all and TREESall had only 2 subgroups with 
11.1% and 11.4% support respectively. PRIMall had a slightly better coverage which 
was statistically significant (the CI does not include the value 1). At the same time 
PRIMall had statistically significant worse odds ratios. This means that the high support 
for PRIMall came with sufficiently high target mean to score high on coverage, but this 
target mean was still not sufficiently high to score better on the odds ratio performance 
measure.  
 

Subgroup 

identifier 
(#subgroups) 

Subgroup 

characteristics 

Performance measures and comparison with CART 

 N 
(lived/died) 

S 
% 

M C 
(95% 
CI) 

CR=C/CCART 
(95% CI) 

O 
(95% 
CI) 

ROR=O/OCART 
 

TREE1all 

(2) 
1562 

(545/1017) 
11.1 

 
65 

 
615 

(567, 
665) 

(reference 
group) 

6.4 
(5.7, 
7.1) 

(reference group) 

TREESall 

(2) 
1605 

(557/1048) 
11.4 

 
65 

 
627 

(584, 
669) 

(reference 
group) 

6.3 
(5.7, 
7.0) 

(reference group) 

PRIMall 

(4) 
2184 

(926/1258) 
15.5 

 
58 

 
693 

(643, 
737) 

1.1* (1.05, 1.2) 
(vs TREE1all) 

1.1* (1.02, 1.2) 
(vs TREESall) 

4.7 
(4.3 , 
5.2) 

0.74* (0.67, 0.84) 
(vs TREE1all) 

0.75* (0.67, 0.81) 
(vs TREESall) 

Table 4. Results for component B of the comparative approach: Subgroup identifiers and (comparative) 
performance measures. The set TREE1all consists of the two acceptable subgroups in the first induced tree 

T1 (see Figure 4). The set TREESall consisted also of 2 subgroups, albeit from 2 different trees. PRIMall 
consists of 4 subgroups. 
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It is useful to get insight into the overlap among the PRIM’s subgroups and how far apart 
they are located in input space. Table 5 shows the overlap and dissimilarity between the 
PRIM subgroups (overlap and dissimilarity are both provided in the standard output of 
SuperGEM). Overlap between two subgroups shows the proportion of observations in D 
that fall in both subgroups according to their definitions when applied on D (these 
observations, due to the way subgroups are constructed, belong to only the subgroup 
which was found first and are removed before more subgroups are sought, but the 
concept of overlap ignores how subgroups were found). Subgroups 2 and 4 have the 
largest overlap. Dissimilarity measures how far apart the corresponding boxes are in 
input space. It is defined as the difference between the support of the smallest box 
covering both boxes and the support of their union:  

 

Where  is the minimal box covering both subgroups. For example, two different 
nested boxes will have zero dissimilarity (they are very close in input space). Overlap 
does not provide a measure of location: any two disjoint boxes will have zero overlap 
regardless of their location. While two adjacent, but disjoint, boxes aligned on an input 
variable will have zero overlap they will also have zero dissimilarity. Dissimilarity will be 
close to 1 when boxes are very far apart in input space. We see that while subgroups 2 
and 4 seem to be very close in input space, the other groups are moderately dissimilar. 
Hence PRIM succeeded in finding more groups (four) than CART (only 2). Three out of 
four of these subgroups originate from different regions in input space. 
 
 

Overlap/Dissimilarity Subgrp1 Subgrp2 Subgrp3 

Subgrp2 0.24/0.32   

Subgrp3 0.27/0.23 0.16/0.38  

Subgrp4 0.19/0.47 0.56/0.09 0.12/0.45 

Table 5. Overlap and dissimilarity between the subgroups of PRIMall. Overlap between two subgroups is the 
proportion of observations in D that fall into both subgroups. Dissimilarity is a measure of the extent to which 

the boxes defining the subgroups are “geographically” separated from each other in the input space. 

 
Table 6 shows the results of the “C component” of the comparative approach (see 
Figure 3). Since TREESall seems to be (slightly) better than TREE1all we will use it for 
matching the PRIM subgroups (the same qualitative results are obtained when using 
either one). Matching a PRIM subgroup to s1(T1) could only be done for the support, not 
the target mean, of s1(T1). This results in the P3 subgroup are described in Table 3. For 
s1(T2) of TREESall there is a choice of matching support or target mean of s1(T2), 
leading to the subgroups denoted by Psupport and Pmean respectively. In the table 
PRIM1all.support = {P3, Psupport} and PRIM1all.mean = {P3, Pmean} are compared to 
TREESall. TREESall has better coverage (and in one case with statistical significance) 
than both PRIM sets of subgroups, and has statistically significantly better odds ratios.   
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Subgroup 
identifier 

Subgroup 
characteristics 

Performance measures and comparison with 
CART 

 N 
(lived/died) 

S 
% 

M C 
(95% CI) 

CR=C/CCART 
(95% CI) 

O 
(95% 
CI) 

ROR=O/OCART 
 

TREESall 1605 
(557/1048) 

11.4 
 

65 
 

627 
(584, 
669) 

(reference 
group) 

6.3 
(5.7, 
7.0) 

(reference 
group) 

PRIM1all.support 

(match 
support) 

1811 
(729/1082) 

12.8 
 

60 
 

614 
(557, 
667) 

0.97 
(0.9, 1) 

5.0 
(4.5, 
5.6) 

0.78* 
(0.71, 0.86) 

PRIM1all.mean 

(match 
mean) 

1560 
(592/968) 

11.0 
 

62 
 

566 
(517, 
615) 

0.89* 
(0.83, 0.95) 

5.5 
(4.9, 
6.1) 

0.85* 
(0.76, 0.95) 

Table 6. Results for component C of the comparative approach: Subgroup identifiers and (comparative) 
performance measures. The set PRIM1all is induced to match the two subgroups obtained by the two trees 
induced by CART. s1(T1) could only be matched by support but for s1(T2) there was the option to match its 
support as well as the target mean. The second subgroup in PRIM1all.support  matches the support of s1(T2) 

whereas the second group of PRIM1all.mean  matches the target mean of s1(T2). 

4.5. Discussion 

Unexpectedly, PRIM’s performance in a subgroup discovery task was, on the whole, 
inferior to CART. In the first series of experiments when seeking the single best 
subgroup, PRIM performed much worse than CART. PRIM simply failed to find a 
relatively large contiguous subgroup involving a discrete ordinal variable (the Glasgow 
Coma Scale, GCS). In the second series of experiments PRIM scored better on 
coverage when it was free to find as many subgroups as possible. It took advantage of 
its ability to find smaller groups that together had more support than CART’s subgroups. 
PRIM scored worse, however, on odds ratio. In the last series of experiments where 
PRIM’s subgroups were required to match support or target mean of CART’s subgroups, 
PRIM performed worse on both performance measures. The culprit is the inability of 
PRIM to find the large contiguous group found by CART. 
 
To understand why PRIM seems to miss such an important subgroup we need to 
consider the distribution of the GCS variable (gcs.24) in the training set (see barplot in 
Figure 5). GCS has a very dominant mode at 15. Observations with GCS = 15 denote 
patients with no derangement in their neurological system. There are 19659 such 
observations (15883 for survivors and 3776 for non-survivors) which amount to 73% of 
all observations. The 3776 observations of non-survivors amount to 55% of all non-
survivors in the sample. We also see that there is a relatively large group at GCS = 3 
amounting to 6% of the data and to 17% of the non-survivors.     
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Figure 5. Barplot showing the frequency of survival status  for each value of GCS in the training set. The left 
bar in each pair denotes survivors and the right bar non-survivors. The “m” denotes missing values. Note 

the very dominant mode at GCS = 15. The upper number at the top of each bar pair stands for the 
percentage of the observations of the whole sample, and the lower number for the percentage among the 
non-survivors. For example, observations with GCS = 15 amounted for 73% of the sample, and included 

55% of the non-survivors in the sample. 

 
It is clear why PRIM is hesitant to peel off the observations at GCS = 15: any variant of 
the penalty function on improving the mean makes this decision unattractive. Removing 
the observations at GCS = 15 leaves a box with 4311 and 3108 observations, for 
survivors and non-survivors respectively. The improvement in mean is equal to the mean 
in the candidate box minus the global mortality mean: 3108/(3108+4311) – 0.25 = 0.165. 
The milder of the two penalty functions on an improvement in the mean prescribes 
adjusting the improvement to the unit of lost support: 0.165/0.73 = 0.226. Consider that 
this adjusted improvement is equivalent to an improvement in the target mean of 0.0113 
(20 times worse than that obtained by removing the observations at GCS=15) for a 
hypothetical continuous variable with lost support of only 5% (instead of 73%). Of course 
PRIM may still find GCS, as was the case in some experiments. First, although unlikely, 
it can find it by chance e.g. when a very large number of bootstrap samples are used. 
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Second, this variable may be selected when all other variables provide less or no 
improvement. Third, the selection of other variables may also result in the removal of 
observations with GCS=15, making the selection of GCS more attractive in subsequent 
steps. Until GCS would be selected, however, PRIM will be picking up other less 
relevant variables, which makes the analyst’s work harder in assessing their real 
contribution. Fourth, the use of the “input variable criterion” (if the difference in 
improvement between peeling off observations with GCS = 3 and of GCS = 15 is highest 
among the variables) can make such a variable more attractive. However, in our 
experiments PRIM still missed the subgroup as defined by CART.  
 
PRIM’s reliance on a patient strategy (like any hill climbing algorithm) has inherent 
limitations: without the provision of any backtracking mechanism, interesting subgroups 
may be missed, or finding them becomes hard and at the cost of much tweaking and 
post processing. This finding has considerable significance in clinical medicine where 
ordinal scores are ubiquitous. Many clinical scores, such as the Glasgow Coma Scale, 
have a dominant mode in their distribution. Although such scores are relevant for 
defining subgroups, PRIM will underestimate the effect of peeling them off in particular at 
their mode, rendering the search suboptimal especially if the mode is located at the 
variable’s minimum or maximum value. PRIM’s utility in clinical databases will increase 
when more information about (ordinal) variables is better put to use. One option is to 
allow for a better trade-off between the number of peeled off observations and the 
increase in quality of the generated subgroup based on additional information, beyond 
that obtained at the faces of the current box. In this sense PRIM can assess the potential 
of the variable for future peels. In fact the “input variable criterion” is a first attempt at 
incorporating global information about variables. However this particular criterion faces a 
problem when peeling at both sides of a variable range renders the same improvement 
in the target mean. In this regard, Friedman and Fisher [1] suggest the possible use of 
an internal sub-box (for example one with faces at GCS = 5 and GCS = 12 instead of at 
3 and 15) whose removal results in a high improvement of the mean. They insist 
however that peeling must still take place at the faces and that the “intermediate” box is 
only used to evaluate the input variable. Another option is to create a backtracking 
mechanism like using a beam-search to keep track of alternative solutions (in beam 
search, only a predetermined number, called the beam width, of best partial solutions 
are kept as candidates for further exploration). The second option better counters 
PRIM’s sole reliance on patience, albeit at the cost of a higher complexity of the search 
process. An interesting research question is how to control the beam’s width based on a 
measure of the uncertainty that the algorithm faces in making decisions on peeling. We 
believe that a combination of using global information to assess the potential 
improvement of input variables in order to rank their potential for peeling accompanied 
with a backtracking mechanism can greatly improve the capabilities of PRIM. 
 
Our study resonates well with various opinions and suggestions published by 
discussants of the PRIM paper in the same journal issue. Huber, who implemented a 
PRIM version of the algorithm himself, was unable to easily find a second “bump” that he 
generated in a synthetic database [10]. Kloesgen mentions the possible addition to 
PRIM of search strategies such as beam search or best-n, which are widely used in the 
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machine learning literature [11]. Feelders, addressing the CART-PRIM comparison in 
the original paper hopes that “further experiments will provide more insight as to when 
one tends to outperform the other” [12]. Our work provides such insight obtained by 
empirical analysis of a large clinical database. 
 
Although there is a study, which we published [9] in the medical informatics literature, 
that compares PRIM to logistic regression, our current study reports for the first time on 
a systematic comparison between PRIM and CART on a large real-world database with 
high dimensionality. Strengths of our study include the use of various scenarios for 
analysis as an attempt to reflect reasonable paths that an analyst, at least initially, might 
pursue. The scenarios vary in the number and order of finding the subgroups and in 
whether matching subgroups are required. We also use a separate test set for 
measuring performance, provide two relevant performance measures and obtain 
confidence intervals around them. All these issues form improvements on the initial 
experiments of Friedman and Fisher (in which one scenario was attempted, maximum 
dimensionality was 14, only coverage was considered in the classification problem 
[geology], the performance was obtained on the training set itself [13], and no 
confidence intervals were provided). Admittedly, the goal of the PRIM paper [1] was not 
the comparison of the two algorithms but the introduction of PRIM. 
 
In [14] an adaptation of PRIM is provided called f-PRIM (for flexible PRIM) in which a 
new penalty function is provided that allows PRIM to remove more than  observations 
for a discrete variable (the paper deals with process optimization, a domain rich with 
discrete ordinal variables). The premise in the paper was that the original PRIM 
algorithm is never allowed to remove more than  observations for any variable type. 
The paper then goes to show that f-PRIM has superior performance than PRIM (which 
was implemented by the authors). Because PRIM (at least as envisioned by Friedman 
and Fisher) does actually allow to consider removals of more than  observations, as we 
described above, the paper of Chong and Jun can be seen as a motivation of why it is 
important to allow such removals. The paper also provides a meta-parameter to balance 
support and target mean. Hence, although f-PRIM offers a new penalty function to 
PRIM, there is no use of global information about input variables nor are there 
possibilities for backtracking. Therefore, our analysis should apply to PRIM and f-PRIM 
alike.  
 
An important limitation of our work is that the analytical scenarios, however extensive, 
cannot capture the flexibility and creativity of a human analyst working with PRIM. In fact 
PRIM is aimed at human interaction and provides a battery of diagnostic tools to aid the 
analyst in inspecting the results, removing redundant variables, tweaking the boxes etc. 
Our aim however was to consider the results of some straightforward scenarios that an 
analyst might follow. None of the experiments’ results provided hints for finding the 
s1(T1) subgroup found at once by CART, which is relatively large and easy to describe. 
We believe that it is probable that the analyst, without such cues, will eventually not find 
this subgroup. Another limitation of our comparison is that we solely address the 
performance perspective (simplicity, novelty and usefulness of the subgroups are left 
out).  
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Further work to improve PRIM can focus on two aspects: using additional global input 
variable information, and allowing a backtracking strategy (beyond the local pasting that 
PRIM performs). These improvements are especially important for dealing with 
categorical and discrete ordinal variables because the algorithm in these cases cannot 
precisely control the amount of peeling. Global input variable information implies 
assessing candidate variables based on all possible values in a given box, for example 
the information gain of possible cut off points in the case of ordinal (discrete or 
continuous) variables. One could use such global information to either select the optimal 
variable (and subsequently choose the best condition associated with this variable) or at 
once to select the optimal condition (a variable-value pair). In our experiments, if PRIM 
would have had also access to the information gain criterion used by CART in our 
experiments, and the possibility to choose the best box not only among its generated 
candidate boxes with the “patient peels” but also among boxes with “greedy peels” it 
would have found a subgroup at the same location of s1(T1) which it could have in fact 
even further improved by some subsequent patient peels. This strategy will however 
tend to be too greedy defying the underlying idea of PRIM. The solution should hence be 
sought in accompanying the generated candidates (whether patient or greedy) with a 
backtracking mechanism such as beam search. Beam search has been used with the 
subgroup discovery algorithms CN2-SD [15] and Data Surveyor [16]. Both of these 
algorithms use greedy removals of data, with Data Surveyor being even greedier by 
directly seeking conditions of the form “lower-value < attribute < upper-value” for 
continuous variables. The dilemma remains: what is an appropriate beam width and 
should it be dynamically determined by a measure of the uncertainty in the choice 
between the candidates? Also if one wishes to combine greedy with patient options, the 
greedy ones should not be allowed to completely dominate the patient ones (that is, by 
populating all the beam width). This requires either making distinctions between 
candidate types (greedy or patient) in the search graph or using probabilistic strategies 
such as genetic algorithms to search the space in parallel and allowing all types of 
options to have a chance to be selected. The approach to take is partly determined by 
the allowable search complexity. However, the current lack of a backtracking mechanism 
in PRIM implicitly requires the analysts to simulate backtracking themselves. They can 
easily become overwhelmed with the vast number of tweaks and options to keep track 
of.   

4.6. Acknowledgements 

We thank the NICE foundation for providing the data and we thank Evert de Jonge and 
Cecilia Poli for their feedback on this work. This work was performed within the ICT 
Breakthrough Project “KSYOS Health Management Research”, which is funded by the 
grants scheme for technological co-operation of the Dutch Ministry of Economic Affairs 
and also supported by the Netherlands Organization for Scientific Research (NWO) 
under the I-Catcher project, number 634.000.020. 
 



79 

 

4.7. References 

[1]. Friedman JH, Fisher NI. Bump hunting in high-dimensional data (with 
 discussion). Stat Comput 1999;9:123-62. 

[2]. Lempert RJ, P. Bryant BP, Bankes SC. Comparing Algorithms for Scenario 
 Discovery. Working paper, 2008; [Online] Available at
 http://wwwcgi.rand.org/pubs/working_papers/WR557/. Accessed April 12, 2009. 

[3]. Bump hunting in high-dimensional data - Discussion on the paper by Friedman 
 and Fisher. Stat Comput. 1999;9(2):143-156. 

[4]. Breiman L, Friedman JH, Olshen RA, Stone CJ:Classification and Regression 
 Trees. Wadsworth: Pacific Grove; 1984. 

[5]. SuperGEM [Online] Available at     
 http://www-stat.stanford.edu/~jhf/SuperGEM.html , 2007.  , Accessed December 4

[6]. Stichting NICE (National Intensive Care Evaluation) [http://www.stichting-nice.nl] 
[7]. Le Gall JR, Lemeshow S, Saulnier F. A new Simplified Acute Physiology Score 

 (SAPS II) based on a European/North American multicenter study. JAMA 
 1993;270(24):2957-63. 

[8]. Zimmerman JE, Kramer AA, McNair DS, Malila FM. Acute Physiology and 
 Chronic Health Evaluation (APACHE) IV: hospital mortality assessment for 
 today's critically ill patients. Crit Care Med 2006;34(5):1297-1310. 

[9]. Nannings B, Abu-Hanna A, De Jonge E. Applying PRIM (Patient Rule Induction 
 Method) and logistic regression for selecting high-risk subgroups in very elderly 
 ICU patients. Int J Med Inform 2008;77(4):272-9. 

[10]. Huber PJ. Bump hunting in high-dimensional data - Discussion. Stat Comput 
 1999;9(2):144-6. 

[11]. Kloesgen W. Bump hunting in high-dimensional data - Discussion. Stat Comput 
 1999;9(2):143-4. 

[12]. Feelders AJ. Bump hunting in high-dimensional data - Discussion. Stat Comput 
 1999;9(2):147-8. 

[13]. Friedman JH, Fisher NI. Bump hunting in high-dimensional data - Discussion.
 Stat Comput 1999;9(2):156-62. 

[14]. Chong I, Jun C. Flexible patient rule induction method for optimizing process 
 variables in discrete type. Expert Syst Appl 2008;34(4):3014-20. 

[15]. Lavrac N, Kavsek B, Flach P, Todorovski L. Subgroup discovery with CN2-SD. J 
 Mach Learn Res 2004;5:153-188. 

[16]. Siebes APJM. Data Surveyor. In Kloesgen W, Zytkow JM, editors. Handbook of 
 data mining and knowledge discovery. Oxford: Oxford University Press; 2002: 
 572-75. 

 




