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Abstract 

Objective  
Using an automatic data-driven approach, this paper develops a 
prediction model that achieves more balanced performance (in terms of 
sensitivity and specificity) than the Canadian Assessment of 
Tomography for Childhood Head Injury (CATCH) rule, when predicting 
the need for computed tomography (CT) imaging of children after a 
minor head injury.  

Methods and Material 

CT is widely considered an effective tool for evaluating patients with 
minor head trauma who have potentially suffered serious intracranial 
injury. However, its use poses possible harmful effects, particularly for 
children, due to exposure to radiation. Safety concerns, along with issues 
of cost and practice variability, have led to calls for the development of 
effective methods to decide when CT imaging is needed. Clinical decision 
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rules represent such methods and are normally derived from the 
analysis of large prospectively collected patient data sets. The CATCH 
rule was created by a group of Canadian pediatric emergency physicians 
to support the decision of referring children with minor head injury to 
CT imaging. The goal of the CATCH rule was to maximize the sensitivity 
of predictions of potential intracranial lesion while keeping specificity at 
a reasonable level. After extensive analysis of the CATCH data set, 
characterized by severe class imbalance, and after a thorough evaluation 
of several data mining methods, we derived an ensemble of multiple 
Naive Bayes classifiers as the prediction model for CT imaging decisions.  

Results 

In the first phase of the experiment we compared the proposed 
ensemble model to other ensemble models employing rule-, tree- and 
instance-based member classifiers. Our prediction model demonstrated 
the best performance in terms of AUC, G-mean and sensitivity measures. 
In the second phase, using a bootstrapping experiment similar to that 
reported by the CATCH investigators, we showed that the proposed 
ensemble model achieved a more balanced predictive performance than 
the CATCH rule with an average sensitivity of 82.8% and an average 
specificity of 74.4% (vs. 98.1% and 50.0% for the CATCH rule 
respectively).  

Conclusion 

Automatically derived prediction models cannot replace a physician's 
acumen. However, they help establish reference performance indicators 
for the purpose of developing clinical decision rules so the trade-off 
between prediction sensitivity and specificity is better understood. 

 

Keywords: ensemble model; Naive Bayes; class imbalance; clinical decision rule; 
pediatric head injury; computed tomography. 

1 Introduction 

Computed tomography (CT) is widely accepted as an effective diagnostic modality to detect 
rare but clinically significant intracranial injuries in patients suffering minor head injury.  
As such, it has been increasingly utilized as a routine test for these patients [1]. However, a 
seminal study by Brenner and Hall [2] warns against its harmful effects (particularly for 
children) due to the radiation exposure associated with CT. Independent CT imaging 
studies [1, 3, 4] advocate the adoption of a comprehensive approach that targets 
physicians’ education to reduce the over-reliance on CT imaging for head injury patients.  

1.1 The CATCH study 

The diagnosis of a potentially serious brain injury following a minor head trauma is a well-
documented challenge [5]. It is believed that clinical decision rules could help with this 
challenge and reduce unnecessary CT imaging. Broder [4] recommends that such decision 
rules rely on readily available patient data including physical examination and a patient’s 
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history. In line with these recommendations and in response to a growing need to improve 
the management of pediatric patients with minor head trauma in the emergency 
department (ED), Osmond et al. [6] developed the Canadian Assessment of Tomography for 
Childhood Head Injury (CATCH) clinical decision rule. The prospective cohort study was 
conducted in ten Canadian pediatric teaching hospitals and enrolled children brought to 
the ED who had blunt head trauma characterized by loss of consciousness, amnesia, 
disorientation or repeated vomiting along with a score of at least 13 on the Glasgow Coma 
Scale. Such patients have often, but not always in a consistent manner [7], been referred to 
CT imaging to rule out a potential intracranial lesion that might necessitate a neurologic 
intervention.  

The CATCH data set contains 3866 patient records described by 26 clinical attributes 
(standardized clinical findings from a patient’s medical history, general examination and 
neurological status). These patient records are partitioned according to two classification 
schemes; the primary classification distinguishes between patients who had a brain injury 
and those who had no injury, where “brain injury” is defined as any acute intracranial 
finding revealed on a CT image and attributable to acute head trauma. Because this 
classification corresponds directly to the need for CT imaging (patients with the suspected 
injury require this test, and the remaining ones do not), we label these two classes as CT = 
yes and CT = no respectively. The secondary classification indicates whether or not a 
neurologic intervention was needed, and hence, we refer to these two secondary classes as 
neurologic intervention = yes and neurologic intervention = no. It is important to note that 
records in the neurologic intervention = yes class form a subset of the CT = yes class. 
Retrospectively, the need for neurological intervention was defined in the CATCH data set 
by the death of the patient within a week after the head injury or by the need of any of the 
following procedures within the same time period: craniotomy, an elevation of skull 
fracture, intracranial pressure monitoring, or intubation for head injury (demonstrated on 
the CT image).  

In order to assess the physician’s perception on the use of a clinical decision rule for minor 
head trauma patients, Osmond conducted a survey among Canadian pediatric ED 
physicians to determine a clinically acceptable level of prediction performance, so that, ED 
physicians will be confident with the rule. Results of this survey (personal communication, 
80% response rate) revealed that the detection of a serious intracranial lesion is important 
for clinicians. Consequently, the CATCH study targeted to achieve a sensitivity of 95% when 
predicting the need for CT imaging. For those patients who subsequently required 
neurologic intervention, the CATCH rule aimed for 98% sensitivity.  

With these findings in mind, Osmond and colleagues set to create a decision rule that 
maximized sensitivity of prediction at an inherent cost to specificity. Using recursive 
partitioning they developed a rule that is clear and intuitive for ED physicians to apply for 
the identification of two levels of risk among children with minor head trauma. According 
to the derived rule, the CT decision is made through a stratified evaluation of a patient’s 
risk factors, where the presence of any of these factors indicates the need for CT imaging to 
detect a serious injury. The structure of the CATCH rule is presented in Figure 1. This rule 
can be interpreted as a disjunction of the risk factors as the rule’s premise, and the decision 
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to perform CT imaging as a conclusion. In case of the high risk factors, the conclusion also 
indicates that neurosurgical intervention is necessary. Osmond et al. evaluated the 
performance of the CATCH rule on 1000 bootstrapped tests and reported the sensitivity 
and the specificity of the high risk (top four factors in the CATCH rule) for neurologic 
intervention as 97.9% and 70.2% respectively. They also reported the sensitivity and the 
specificity of all risk factors for the need of CT imaging to detect any brain injury as 98.1% 
and 50.0% respectively.  

1.2 Research question 

We were granted a unique opportunity to work with CATCH data to develop a prediction 
model that indicates the need for CT imaging. Following the CATCH study, Osmond and 
colleagues have initiated a prospective evaluation of the CATCH rule in selected Canadian 
hospitals. For this evaluation, patient information was limited to 17 out of the original 26 
attributes. In order to maintain compatibility and continuity of the CATCH study, we 
decided to use the same 17 attributes for the construction of our prediction models from 
the CATCH data. In this way, the model discussed in the paper can be tested again when 
prospectively collected data becomes available.  

The decision of whether a minor head injury patient requires CT imaging is a binary 
classification problem. The objective is to distinguish between patients who require a CT 
scan (CT = yes) and those who do not (CT = no). Thus, our research question is: can a 
balanced (in terms of sensitivity and specificity) and well performing prediction model be 
automatically derived from the CATCH data? As a corollary to this question, we do not 
constrain the prediction model with respect to its interpretability and comprehensibility by 
non-computer science experts.  

An argument for having a balanced prediction model relies on the need to mitigate long-
term effects of ionizing radiation associated with the potential overuse of CT imaging that 
might occur when maximization of sensitivity drives model’s development. We are aware 
that the CATCH rule developed in conjunction with physicians' expertise according to a 
conservative approach is likely to outperform (in terms of sensitivity) an automatically 
constructed prediction model. However, we believe that such model may help in 
establishing reference performance indicators for the CATCH rule and estimating a trade-
off between the sensitivity and specificity of prediction.  

Additionally, we want to show how to automatically develop a prediction model from 
severely imbalanced data. This class imbalance situation is commonly encountered when 
analyzing clinical data where the population of patients with an acute health condition is 
usually significantly smaller than the population of relatively healthy ones. Our research 
demonstrates that well-performing model can be developed by utilizing data under-
sampling when constructing an ensemble prediction classifier composed of multiple Naive 
Bayes (NB) classifiers. 

While the CATCH study explicitly identifies a high-risk subgroup of those patients who 
need neurologic intervention (neurologic intervention = yes class), we do not make this 
distinction, and therefore, we do not consider maximal sensitivity of prediction for this 
group to be a driving objective for the development of our model. However, for the purpose 
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of consistency with Osmond’s study, we report separately, the model’s performance for 
patients in the neurologic intervention = yes class (i.e., the high risk patients according to 
the CATCH rule).  

The paper is organized as follows. In the next section, we present related research on 
applying data mining techniques to clinical problems. Section 3 describes the data set used 
in this research, briefly characterizes data mining methods selected for the study, and 
reviews the experimental design. Section 4 presents experimental results, and the last 
section concludes with a discussion. 

2 Related research 

Data mining techniques allow for the development of sophisticated prediction models 
capable of analyzing high-dimensional data [8] without relying on domain expertise during 
the model development process. Techniques that are suitable for medical domains are 
discussed and summarized in [9] – they include rule and decision tree induction, instance-
based learning, Bayesian classification, and inductive logic programming. 

Clinical data that describes a specific patient condition or disease poses significant 
challenges for data mining. Typically, such data have few instances representing very sick 
patients that are overwhelmed by thousands of instances representing mildly sick or 
healthy patients [10] – this overwhelming effect is known as “class imbalance”. It is 
important to stress that the presence of class imbalance significantly limits the ability of the 
model to make accurate predictions regardless of the data mining method used [11]. Thus, 
directly addressing class imbalance is the first step to be taken before searching for the 
best performing prediction model [11]. Methods that address the class imbalance problem 
follow two main approaches [12, 13]: modifying the class distribution in the data by 
sampling, or adjusting the mining method. These two approaches are also combined into 
hybrid techniques in [12, 13]. 

Sampling the data can balance the class distribution by either increasing (over-sampling) 
the frequency of the minority class, or by decreasing (under-sampling) the frequency of the 
majority class. Simple sampling techniques involve the duplication or the removal of 
randomly selected instances. It has been shown that random under-sampling outperforms 
random over-sampling [11, 14], and that random over-sampling can lead to over-fitting 
[15]. More advanced sampling approaches rely on an informed selection of instances to 
remove (for example by targeting noisy or redundant instances from the majority class 
[16]) or introduce synthetic instances in specific regions of the minority class [17]. 

Common techniques adjusting the mining method are ensemble learning and cost-based 
learning [18]. Ensemble learning involves training multiple single classifiers (so-called 
member classifiers) on various subsets of the data for broader coverage, and subsequently, 
combining them to form one prediction model. An ensemble can be developed using 
bagging where individual member classifiers are trained on different, randomly selected 
sub-samples of the training data, and when combined to form the ensemble, a voting or 
averaging process combines their predictions to determine the overall prediction. Boosting 
[19] is another ensemble method that combines several single classifiers by weighting 
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(boosting) their classification results to improve the accuracy by repeatedly constructing 
consecutive member classifiers from misclassified training instances. However, it is 
documented that prediction models developed with boosting have a tendency to over fit 
the data [19].  

In cost-based learning, the learning algorithm is modified to accommodate for varying 
misclassification costs. Instances in the minority class usually have higher misclassification 
costs than those in the majority class. This approach involves specialized methods 
developed to explicitly use costs when constructing and applying a prediction model [20-
23], as well as generic methods that act as wrappers around any data mining method to 
make it cost sensitive [24, 25]. In the medical domain however, it is often difficult to 
determine the relative cost of misclassification. Most physicians would argue that failing to 
identify acute patients (members of small positive class) should be avoided at any cost, as 
demonstrated by the results of the survey communicated to us by Osmond.  

The majority of hybrid approaches integrate sampling with ensemble learning, where 
various sampling techniques are applied to the training data sub-samples that are used to 
construct individual prediction models [26, 27]. Hybrid approaches have been shown to 
produce models that outperform ensemble models alone and single classifiers constructed 
from sampled data [27].  

In medical domains, measuring the performance of a prediction model is a complex 
problem and involves multiple performance criteria to evaluate the model’s accuracy, 
robustness and confidence [9, 28]. Computing the accuracy metric fails to deliver proper 
performance assessment due to the insensitivity to the imbalance in the class distribution 
[29]. Therefore, sensitivity and specificity metrics are used instead. These two measures 
collectively assess the ability of the model to detect positive instances (sensitivity) while 
being able to reject negative ones (specificity). Kubat et al. [30] proposed calculating the 
geometric mean of sensitivity and specificity (G-mean in short) to assess how balanced the 
performance of the prediction model is. Moreover, the inherent trade-off between 
sensitivity and specificity is captured by the receiver operating characteristics (ROC) curve 
[31]. The ROC curve can be summarized with a scalar metric by computing the area under 
the curve (AUC) [32]. The latter measures how well the prediction model separates the two 
classes.  

3 Material, methods, and techniques 

3.1 Data set 

Attributes describing the CATCH data, which were used in our analysis, are listed in Table 
1. We applied an automatic approach to discretizing values for Age and with the aid of a 
clinical expert we discretized values for VomitNum. Both discretizations were verified and 
approved by physicians involved in the CATCH study. To replicate the CATCH study design, 
we imputed missing attribute values with clinically reasonable values (they usually 
corresponded to a negative answer, e.g., no or none in lieu of a missing value).  

After imputing missing values, the data was evaluated for possible inconsistencies among 
records from the CT = no class. We considered a CT = no record to be inconsistent if there 
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existed an identical (i.e., described with exactly the same values of 17 clinical attributes) 
record in the CT = yes class. There were 134 such records and we eliminated them from the 
data as potential bias. Subsequent analysis showed that this data cleaning did not impact 
the final results and comparison to the CATCH rule.  

The basic characteristics of data used in the study are given in Table 2. The data set was 
heavily imbalanced - only 4.3% of all children included in the analysis required CT imaging 
(CT = yes class), and just 0.6% were in need of neurologic intervention. Apart from class 
imbalance, the CATCH data demonstrated other challenging characteristics that further 
complicated the task of class separation by a prediction model. They included “rare” cases 
in the CT = yes class (i.e., very small clusters of instances), as well as overlapping 
boundaries between classes. These two issues are often more problematic than the class 
imbalance itself [33, 34]. Evaluation of the attributes used to describe CATCH data revealed 
that they were characterized by low information gain. The attribute HemSize with the 
largest value of this measure (0.033, the second best was 0.022) decreased entropy by only 
12%. 

Figure 2 presents the plot of a self-organizing map (SOM [35]) that visualizes the CATCH 
data and illustrates issues with data. Clearly, the CT = yes and CT = no classes are difficult to 
separate (as indicated by overlapping points on the plot), and CT = yes instances are few 
and scattered throughout the space. Moreover, the critical instances (neurosurgical 
intervention = yes) are rare and dispersed. 

All the characteristics described above are inherent for medical data [10], and they amplify 
the fact that CATCH data truly reflects a very difficult diagnostic problem of identifying an 
acute medical condition in a patient population that is clinically unlikely to suffer from this 
condition. 

3.2 Methods for constructing prediction models 

Our objective was to construct a well-performing and balanced (in comparison to the 
CATCH rule) prediction model from class-imbalanced medical data characterized by 
scattered instances in the minority class, “noisy” boundaries between the classes, and low 
information gain of the attributes. In order to address these issues we used a hybrid 
approach that builds an ensemble of NB classifiers whose classification thresholds are 
adjusted and which are constructed from under-sampled training sub-samples as we 
described in [36]. In doing so, we also followed the recommendation by Tanwani et al. [28] 
who advocate the use of ensemble methods when dealing with imbalanced class 
distributions in biomedical data. Our reliance on NB was in line with what Sajda [8] writes 
about Bayesian methods for biomedical applications: “Analysis and classification of 
biomedical data is challenging because it must be done in the face of uncertainty; datasets are 
often noisy, incomplete, and prior knowledge may be inconsistent with the measurements. 
Bayesian decision theory is a principal approach for inferring underlying properties of data in 
the face of such uncertainty. More recently Bayesian methods have become a cornerstone in 
machine learning, and in learning theory in general, and have been able to account for a 
range of inference problems relevant to biological learning.” This was further confirmed in a 
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series of auxiliary experiments, which we conducted, where NB came out as the best 
performing classifier among all classifiers tested. 

Specific details of proposed hybrid approach as well as discussion of the performance of an 
ensemble prediction model are described in detail in [36]. Below we briefly summarize 
how each member of the ensemble (denoted further as E-NB) was constructed: 

1. The training data was balanced by under-sampling the majority class (CT = no). This 
sampling technique preserved the entire minority class (CT = yes) and randomly 
selected the same number of instances from the majority class without replacement. 
After experimenting with different class distribution ratios, we decided to proceed 
with the class distribution ratio of 1:1 (same number of instances coming from each 
class). Under-sampling can potentially cause a loss of information due to the 
reduction of the CT = no class. However, our experiment showed that this loss was 
relatively small due to the fact that many instances in a majority class were very 
similar to each other, and in a sense, they are deemed redundant from the 
perspective of the prediction model. Thus, the majority class was well described. 

2. The class membership probabilities for instances in the training set were calculated 
according to Naïve Bayes classification method using Bayes rule of conditional 
probability (see [9] for details). 

3. Class membership probabilities (computed in 2) were adjusted to maximize the 
individual NB model’s performance on both classes [37]. This adjustment was 
carried out by the selection of a mid-point threshold on the probability output 
obtained from the NB classification method. The mid-point threshold was set to 
maximize the F-measure (a weighted harmonic mean of the precision and recall of 
predictions) [38]. This approach slightly preferred sensitivity to specificity in a 
situation when there was a tie between these two measures 

According to our research reported in [36], a number of members in an ensemble can be 
approximated as n/n+, where n is the total number of instances and n+ is the number of 
instances in the minority class. Thus for the CATCH data this would produce an ensemble 
composed of 23 members. However, conducted experiments with various sizes of 
ensembles allowed us to reduce the number of members to 10, decreasing the complexity 
of the E-NB model. When predicting the class membership for a new instance, members of 
the E-NB (i.e. 10 NB classifiers) were applied, and their outcomes – class membership 
probabilities – were averaged. The resulting average probability became the outcome of 
the E-NB model for the instance in question. 

Our expectation was that the E-NB model would achieve similar sensitivity but better 
specificity than its individual members. This is justified because each member of the 
ensemble was trained on data composed of the entire CT = yes class and on a random 
sample (of equal size) of the CT = no class. Thus, each member was developed using the 
same instances from CT = yes class and varying instances from the CT = no class leading to 
improved “coverage” of the majority class. 



Published in Artificial Intelligence in Medicine (Final Draft) 9 

3.3 Experimental design 

The experiment consisted of two phases. Phase 1 involved evaluating and comparing 
performance of E-NB to other prediction models built on the same ensemble scheme and 
employing different types of member classifiers. Phase 2 dealt with assessing the 
performance of E-NB in relation to the CATCH rule following the evaluation schema 
reported in [6].  

3.3.1 Phase 1 

In order to assess performance of the E-NB model we compared it to other ensemble 
models constructed according to the same scheme (10 member classifiers constructed 
from under-sampled training sets), but employing different types of member classifiers. 
Specifically, we used the following member classifiers that are typically considered in 
medical domain [9]: rule-based, tree-based and instance-based. We refer to the resulting 
ensemble models as to E-RB – the ensemble of rule-based classifiers constructed using the 
RIPPER algorithm [39], E-TB – the ensemble of tree-based classifiers constructed using 
C4.5 [40], and E-IB – the ensemble of instance-based classifiers constructed with the k-
nearest neighbor (kNN) technique. All models were implemented using WEKA [41] and 
default values of learning algorithms’ parameters. Only in the case of kNN we set k to 3 
following recommendations from other studies on imbalanced data ([27, 42]). 

The performance of all ensembles was measured by averaging the results over ten rounds 
of 10-fold cross-validation. In each round, all models were tested on unseen patient records 
(holdout data) and the quality of their predictions was measured by calculating the values 
of AUC, sensitivity and specificity of prediction (for the CT = yes class), and G-mean. 
Differences between values of these measures were assessed for statistical significance 
(using a paired t-test) at the 5% significance level. Primary evaluation measures were AUC 
and G-mean followed by sensitivity and specificity.  

3.3.2 Phase 2 

In order to compare the performance of the E-NB model with the CATCH rule, we used the 
bootstrap method with 1000 iterations because this evaluation strategy was used and 
reported by Osmond and colleagues [6]. The bootstrap method followed the .632 schema 
[43] that includes the following steps, assuming the data set D with n instances: 

1. Select n instances of D using random selection with replacement into the training 
set. 

2. Select these instances of D that haven’t been selected for the training set into the 
testing set. 

3. Train the prediction model using data obtained from step 1. 

4. Test the prediction model obtained in step 2 on the training set from step 1 and the 
testing set from set 2. 

5. Compute performance   according to p = 0.368∙ptrain + 0.632∙ptest, where ptrain and 
ptest is the performance observed on the training and testing sets respectively. 
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The steps described above were repeated 1000 times and results from the iterations were 
averaged in order to obtain the final performance in terms of sensitivity and specificity 
(similarly to what Osmond and colleagues reported). We need to point out that it was 
impossible for us to use the exact training/testing partitions of the data as those used in 
evaluating the CATCH rule. However, we believe that repeating the bootstrap 1000 times 
produces a reliable estimate of the model’s performance.  

Phase 2 terminated with presenting the results of sensitivity, specificity and G-mean (this is 
because it was not possible to compute AUC for the CATCH rule). These results were 
expanded with the number of correctly classified critical patients (the neurologic 
intervention = yes class). Collectively, they allow for drawing conclusions with regards to 
how the automatically developed E-NB model measured up when compared with the 
CATCH rule. 

4 Results  

4.1 Evaluation of the E-NB model  

Table 3 contains evaluations of E-NB and the three other ensemble models. It shows the 
mean and standard deviations of the evaluation measures as well as their confidence 
intervals (CI) with 95% confidence.  

The E-NB model outperformed other models in terms of AUC values, thus it demonstrated 
the best capability to separate decision classes, and all differences between AUC values 
were statistically significant. E-NB was also best in terms of G-mean, only the E-TB model 
achieved comparable value – 77.7% for E-TB vs. 78.0% for E-NB with statistically 
insignificant difference. Differences of G-mean between E-NB and the other two models 
were statistically significant. 

In terms of the sensitivity, the E-NB model outperformed all three other models and the 
differences were statistically significant. At the same time E-NB was the least performing 
model in terms of specificity (differences between E-NB and all other models were 
statistically significant). Such performance of the E-NB model was associated with adjusted 
probabilities (auxiliary analysis revealed that the E-NB model with no probability 
adjustment demonstrated an opposite behavior, i.e., lower sensitivity and higher 
specificity). While this result might be perceived as a drawback, we decided that the 
superior performance of the E-NB in terms of the AUC, G-mean, and sensitivity measures 
supported its selection as the best performing ensemble model. The E-NB model was also 
more stable, as indicated by the lowest standard deviations of AUC, sensitivity and G-mean 
values among all compared models.  

4.2 Comparison of the E-NB model to the CATCH rule 

In order to be consistent with the experimental design reported by Osmond and colleagues, 
we also assessed performance of the E-NB model using the bootstrap method described 
earlier. We only calculated values for sensitivity, specificity and G-mean – in case of the 
CATCH rule the latter value was calculated from overall results given in [6]. The results are 
reported in Table 4.  
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In the bootstrap experiment, the E-NB model demonstrated much higher value of G-mean 
than the CATCH rule (78.4% vs. 70.0%) confirming that it is a better-balanced model. The 
sound performance of the E-NB model was evident when detecting patients who did not 
require CT imaging (CT = no class) – it achieved an average specificity of 74.4% compared 
to 50.0% reported for the CATCH rule. If we consider the sensitivity of predictions, the E-
NB model remained reasonably effective – it produced an average prediction sensitivity of 
82.8% compared to 98.1% for the CATCH rule.  

As for the group of critical patients (neurologic intervention = yes), in a bootstrap 
experiment E-NB correctly captured 20 out of 24 such patients, and the CATCH rule 
captured almost all of them (reported sensitivity of the CATCH rule for these patients is 
97.9%). To better understand this less than desired performance of the E-NB model on 
critical patients, we set on identifying the source of the misclassification errors. After 
repeated experiments, it became clear that the same two critical patients were 
misclassified in almost all experiments and two others were frequently misclassified. This 
suggests the presence of a systematic difficulty when E-NB attempts to correctly classifying 
these four patients.  

To learn more about the reasons behind this difficulty we carried a kNN analysis (for the 
neighborhoods with varying size as defined by k = 3,....,10) on all of the 24 critical patients. 
Without the use of under-sampling, most instances of critical patients were very close (i.e. 
similar) to patients from the CT = no class, and an instance of only one critical patient 
appeared to be surrounded by several instances of patients from the CT = yes class 
(correctly, it had more neighbors from the CT = yes class than from CT = no). The number of 
such critical patients increased to twelve when the under-sampling was used. In addition, 
the same two critical patients (which were almost always misclassified by E-NB) had the 
majority of CT= no patients in their neighborhoods for all considered values of k. A 
plausible explanation for the apparent weak separation between critical and other patients 
is attributed to a clinical similarity of these patients to those who do not require CT 
imaging. This indicates a need for a substantial tacit knowledge involved in separating 
these two groups of patients. Thus, we posit that prediction errors for critical patients will 
persist for the CATCH data regardless of the type of a prediction model that is being used.  

5 Discussion 

The decision to order a diagnostic test and the timing of this test are two important facets 
of medical decision-making. The CATCH rule was developed to help identify children with 
minor head injury who require CT imaging. It was created from prospectively collected 
data and designed to eliminate the false negatives for critical patients who require 
neurologic intervention. Therefore, the rule’s performance is characterized by an almost 
perfect sensitivity at a cost of low specificity. 

Having been granted access to the CATCH data, we conducted research on the feasibility of 
developing a balanced prediction model from this data. We followed a hybrid approach that 
combines ensemble learning with data sampling. Specifically, we developed the E-NB 
model being an ensemble of 10 NB classifiers [36], where each member was constructed 
from under-sampled training sub-sample and its probabilities (as well as decision 
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threshold) were adjusted for balanced performance. Under-sampling combined with 
ensemble learning successfully dealt with class imbalance (member classifiers were 
constructed from balanced subsamples), minimized possible information loss [26] in the 
majority CT = no class (10 different subsets of the majority class were used to construct 
specific member models) and improved the stability of the resulting E-NB model. Under-
sampling also helped with rare cases by cleaning their neighborhood, as confirmed by the 
kNN analysis. Moreover, member NB classifiers were able to deal with noisy concepts [44] 
and overlapping regions between classes [45] and to provide relatively accurate 
predictions for the minority CT = yes class. Their performance was further improved by 
adjusting probabilities and the decision threshold [37]. 

Although the E-NB model is unable to achieve the same level of sensitivity as the CATCH 
rule (82.8% vs. 98.1%), it improves the specificity (74.4% vs. 50.0%) and improves the 
balance as measured by the G-mean (78.4% vs. 70.0%). While the model’s predictive 
performance may not meet the expectations of ED physicians with regards to CT imaging 
decisions, it provides a good estimate of the loss in specificity when decision-making 
behavior is driven by the maximization of the sensitivity of prediction.  

From a clinical perspective, the E-NB prediction model missed too many critical patients 
requiring neurologic intervention. Our analysis shows that despite removing clearly 
inconsistent instances there is an overlap in descriptions of critical patients and those who 
do not require CT imaging (“noisy” boundaries and rare instances, visible in Figure 2) that 
is not handled properly by the E-NB model despite all the mitigating actions we applied. 
Such an overlap can hardly be controlled when using automated mining methods without a 
significant impact on the model’s balanced performance [42]. While under-sampling was 
able to partially address this issue, we believe further improvement would require a 
problem-specific informed re-sampling scheme that uses domain knowledge to evaluate 
similarity (or distance) between the instances.  

In conclusion, our research demonstrates that making clinical decisions often is beyond 
capabilities of prediction models that are constructed by applying automatic discovery 
process in search for patterns in data. Frequently, these patterns are obstructed, extremely 
difficult to detect (as was the case with the neurologic intervention patients) and require 
interpretation by an experienced physician. Thus, clinical decision rules developed with 
help of domain experts will typically outperform a prediction model developed 
automatically, especially when a conservative approach is favored in the diagnostic 
process. However, an automated approach like ours may help in establishing reference 
performance indicators for these decision rules and assist their developers in better 
estimating a trade-off between the sensitivity and specificity of prediction.  
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Table 1. Attributes considered in the study. 

 Code Description Domain 

1 Age Age 0 – 6 months, > 6 months 
2 Sex Gender male, female 
3 MechInj Mechanism of injury struck head, motor, significant 

fall, sport, other 
4 HxWitLOC Loss of consciousness 

(witnessed) 
no, < 1 min, 1-5 min, > 5 min 

 5 HxDisCon Disorientation or confusion no, < 1 min, 1-5 min, 6-10 min, 
> 10 min 

6 AmnHow Any amnesia no, yes 
7 AmnBefr30Min Amnesia for events ≥ 30 min 

before impact  
no, yes 

8 AmnAfter30Min Amnesia for events ≥ 30 min 
after impact 

no, yes 

9 HxWHache Worsening headache no, yes 
10 VomitNum Vomiting, number of episodes 0-2, > 2 
11 HxSeiz Seizure no, yes 
12 Letharg Lethargy no, yes 
13 HxIrrit Irritability no, yes 
14 IGCS Initial Glasgow Comma Scale 

score  
13, 14, 15 

15 HemSize Hematoma of the scalp none, small & localized, large & 
boggy 

16 SkullPen Suspected open or depressed 
fracture 

no, yes 

17 BSkFrac Signs of basilar skull fracture no, yes 
Values marked in bold font in a Domain column represent imputed missing values. Attributes Age, Sex, 
HxSeiz and IGCS had no missing values. 
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Table 2. Characteristics of the data set used in the study. 

Class n % Class n % 

CT = no 3573 95.7 Neurologic intervention  = no 3708 99.4 
CT = yes 159 4.3 Neurologic intervention = yes 24 0.6 
Total 3732 100.0  3732 100.0 
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Table 3. Results averaged over 10 runs of 10-fold cross validation. 

 E-NB model E-RB model E-TB model E-IB model 

AUC, % (95% CI) 86.3 ± 0.2 
(86.2, 86.4) 

84.1 ± 0.7 
(83.7, 84.5) 

83.7 ± 0.4 
(83.5, 84.0) 

82.6 ± 0.7 
(82.2, 83.1) 

Sensitivity, % (95% CI) 83.5 ± 0.6 
(83.2, 83.9) 

75.2 ± 1.9 
(74.0, 76.4) 

77.7 ± 1.3 
(76.9, 78.5) 

58.4± 0.6 
(58.0, 58.8) 

Specificity, % (95% CI) 72.7 ±0.9 
(72.2, 73.3) 

76.9 ± 0.9 
(76.3, 77.4) 

77.8 ± 0.7 
(77.3, 78.2) 

86.5±0.4 
(86.3, 86.7) 

G-mean, % (95% CI) 78.0 ± 0.3 
(77.7, 78.2) 

76.0 ± 0.8 
(75.5, 76.5) 

77.7±0.6 
(77.4, 78.1) 

71.1±0.4 
(70.8, 71.3) 
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Table 4. Results averaged over 1000 bootstrap iterations. 

 E-NB model CATCH rule* 

Sensitivity, % (95% CI) 82.8 ± 4.0 (82.5, 83.0) 98.1 (98.0, 98.2) 

Specificity, % (95% CI) 74.4 ± 3.2 (74.2, 74.6) 50.0 (50.0, 50.1) 

G-mean, % (95% CI) 78.4± 1.2 (78.3, 78.5) 70.0 
* As reported in Osmond et. al [6]. 
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Figure 1. The CATCH clinical decision rule [6] 

 

  

High risk 
1. Glasgow Coma Scale score < 15 at two hours after injury 
2. Suspected open or depressed skull fracture 
3. History of worsening headache 
4. Irritability on examination 

Medium risk 
5. Any sign of basal skull fracture (e.g. hemotympanum, “raccoon” eyes, 

otorrhea or rhinorrhea of the cerebrospinal fluid, Battle’s sign) 
6. Large, boggy hematoma of the scalp 
7. Dangerous mechanism of injury (e.g. motor vehicle crash, fall from 

elevation >= 3ft or 5 stairs, fall from bicycle with no helmet 

Nerologic intervention is required for patients with any of the high risk findings. 
CT of the head is required for patients with any of the high or medium risk 
findings. 
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Figure 2. Visualization of the CATCH data using SOM 
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