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Abstract (250 words) 

Objective: To construct a clinical prediction rule for coronary artery disease (CAD) presenting with 

chest pain in primary care. 

Study Design: Meta-Analysis using 3099 patients from 5 studies. To identify candidate predictors, 

we used random forest trees, multiple imputation of missing values and logistic regression within 

individual studies.  To generate a prediction rule on the pooled data, we applied a regression model 

that took account of the differing standard data sets collected by the 5 studies.  

Results: The most parsimonious rule included six equally weighted predictors: age>55 (males) or 

>65 (females)(+1); attending physician suspected a serious diagnosis(+1); history of CAD(+1); pain 

brought on by exertion(+1); pain feels like “pressure”(+1); pain reproducible by palpation(-1). CAD 

was considered absent if the prediction score is <2. The AUC was 0.84.  We applied this rule to a 

study setting with a CAD prevalence of 13.2% using a prediction score cut-off of <2 (i.e., -1, 0, or 

+1). When the score was <2, the probability of CAD was 2.1%(95%CI:1.1-3.9%); when the score was 

≥2, it was 43.0%(95% CI:35.8-50.4%). 

Conclusions: Clinical prediction rules are a key strategy for individualizing care.  Large data sets 

based on electronic health records from diverse sites creates opportunities for improving their 

internal and external validity.  Our patient-level meta-analysis from 5 primary care sites should 

improve external validity.   Our strategy for addressing site-to-site systematic variation in missing 

data should improve internal validity.  Using principles derived from decision theory, we also 

discuss the problem of setting the cut-off prediction score for taking action. 
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1 Introduction  

  Applying individual patient meta-analysis to create clinical prediction rules is methodologically 

difficult when primary studies, acting independently, do not collect the same standard data sets. 

Methods to summarize the measures of prediction (e.g. regression coefficients) across studies must 

account for the data that individual studies did not try to collect.  We encountered this problem 

when we used data from 5 independent studies of chest pain to develop a clinical prediction rule 

for initial assessment of patients presenting to a primary care setting. Chest pain is an important 

diagnostic problem in primary care, where 0.7% to 2.7% of patient encounters are due to chest pain 

[1–3], and coronary artery disease is the cause of chest pain in 8.6 to 14.6 % of patients [3, 4].  

Clinical prediction rules developed in emergency departments, specialty clinics, or hospitals may 

not apply to primary care because diagnostic test results (e.g., an electrocardiogram) are 

incorporated in the prediction rule in those settings. 

2 Methods   

2.1 Data Sources and Study Selection 

We conducted a systematic literature search to identify studies potentially suitable for inclusion in 

a patient-level meta-analysis [5]. We describe the search and selection process in Appendix 1.  We 

defined primary care as an outpatient or clinic setting other than an emergency department. We 

identified studies that had prospectively obtained data on symptoms and signs and established a 
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final diagnosis of CAD in consecutive adult patients presenting with chest pain in primary care. We 

excluded studies if the patients received care in a hospital emergency department or had been pre-

selected for evaluation because of suspected CAD. 

Included studies: 

We identified eight potentially eligible studies. We did not include 3 studies because individual 

patient data were not available [6], we could not contact the principal investigators [7], or the study 

was ongoing when we conducted our analysis [8] (see Supplement Figure 1). The 5 included studies 

had a total enrollment of 3099 patients [2, 4, 9–11]. Table 1 summarizes characteristics of the 

studies. All studies had investigated prospectively the diagnostic accuracy of symptoms and signs 

for CAD in consecutive patients with chest pain in a primary care setting. To establish the final 

diagnosis, study patients were followed up for a defined period, and study physicians used the 

clinical course and results of tests to establish the cause of the index episode of chest pain. This 

delayed-type reference standard can be an acceptable and valid alternative when a single reference 

test is not possible [12]. The five studies differed in the length of follow-up. The physicians making 

the final study diagnosis were not blinded to the initial history and physical examination findings.  

- Table 1 about here - 

2.2 Data management 

Principal investigators of the eligible primary studies were invited to join the INTERCHEST 

collaboration and to provide the raw data and information on inclusion criteria, patient 

recruitment, data collection, and diagnostic reference standard. If necessary, we translated the 

original questionnaires or case report forms into English and created a synopsis of definitions of all 

variables used in each study. We excluded symptoms and signs that only one study obtained 

routinely. We recoded the variables in the individual datasets so that each variable corresponded to 
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a common definition across the 5 data sets. The authors of each study verified that the meaning of 

each variable was consistent with its counterpart in their study.  

2.3 Data analysis 

Overview of Methods 

Our objective was a clinical prediction rule for estimating the probability that CAD is the cause of a 

patient’s chest pain. Here, we give a short overview of our methods. Figure 1 provides a schematic 

depiction. 

- Figure 1 about here – 

 

 In all analyses, the dependent variable was a CAD diagnosis (both stable and acute forms) for the 

index episode of chest pain, as determined by a study clinician or an expert panel at least several 

months after the index visit, taking all available information into account (Table 1). We excluded 

cases that lacked a final diagnosis. Items of the medical history or clinical examination were the 

predictor variables. We imputed data that a study collected routinely but were missing in an 

individual patient, generating five imputed data sets for each original study. We identified the best 

predictors within each study, using random forest trees and logistic regression. We created five 

imputed meta-data sets, each including one imputed data set from each original study, and, for 

each imputed meta-data set, fitted a logistic regression model in which the independent variables 

were the best predictors in each study and the dependent variable was a CAD diagnosis. We 

combined the results from each model (see below for details) and, to derive an easy-to-use clinical 

prediction rule from this model, reduced the number of predictors to six by removing the weakest 

predictors and by replacing the regression coefficients by 1 (if  β > 0) and -1 (if  β< 0), respectively. 

We calculated the area under the ROC curve to measure how well the models discriminated 
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between patients with and without a final diagnosis of CAD. We calculated sensitivity, specificity, 

likelihood ratios and predictive values for all studies that provided data on all predictors included in 

the final, simplified model. To test for over-fitting the model, we performed an internal validation 

using a three-fold cross-validation approach [13]. To test the performance of the rule in patients 

with acute and non-acute pain, we calculated likelihood ratios for each variable in the rule in both 

sub-groups, plotted the ROC curve and calculated the AUC. [14] 

 

Details of the methods: 

Missing values – A study that combines retrospective data from several sources can have 2 sources 

of missing data: within-study missingness and between-study missingness. If a study routinely 

recorded a specific predictor, but its value was missing for individual patients within the study 

(within-study missingness), we considered these as missing at random and performed multiple 

imputation. As imputed data are not truly observed data and are random on their own, multiple 

imputation is needed in order to get valid inference at the final stage of analysis (five imputation 

are considered sufficient, see [15, 16]). Using imputation by chained equations [17], we created five 

[18] imputed datasets for each of the studies, selected the candidate predictors across studies (see 

below) and then merged them into 5 imputed meta-datasets, each of which included a different 

imputed dataset from each of the five studies (see Figure 1).  

 

The regression analyses of the meta-data took into account between-study missingness: some of 

the selected candidate predictors had been recorded routinely in some studies but were not 

obtained in other studies (between-study missingness). In fact, only two predictors had been 

obtained routinely in all 5 studies. The regression models fitted on the meta-data took account of 

the differing sets of predictors that the individual studies had routinely collected (see formula 1 in 
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Supplement 3). The estimation of the effects of the two predictors common to all 5 studies was 

based on data from all studies, whereas the effects of the other predictors were estimated using 

data from the studies that collected data on these predictors [19].  

Selection of candidate predictors – This section describes a two-step process for identifying 

candidate predictors from each individual study.  in step 1, we used a random forest algorithm to 

identify the most important predictors in each study. The random forest algorithm cycles many 

times through a process of constructing a classification tree by random selection (with 

replacement) of cases from a study (the set of all such trees is a forest). The tree is constructed by 

testing a random subset of predictors at each node to determine which one provides the best 

discrimination. The most commonly occurring predictor among the set of predictors at all terminal 

nodes of each tree is the classifying predictor for the tree. The candidate predictors for the forest 

are the classifying predictors appearing most frequently over all the trees in the forest [20]. In step 

2, we fitted logistic regression models using the forest candidate predictors as the independent 

variables and a CAD diagnosis as the dependent variable. As noted above, we repeated this process 

for each of the 5 imputed data sets of each original study. All statistically significant predictors 

(α≤0.05) in the logistic models from at least one of the imputed datasets from each original study 

were included in the candidate predictor list for the patient-level meta-analysis.  

Meta-analysis and derivation of the diagnostic model - We fitted a logistic regression model to each 

imputed meta-dataset (created as described in the section on missing values). We used a fixed 

effects regression model with study-specific intercepts     and study-specific dummy indicators     

(formula 1).  The study-specific intercepts account for the different CAD prevalences across studies 

while accounting for the effect of the predictors. The study-specific dummy indicators account for 

the different predictor sets across studies, with the indicator    taking value 1 if data on predictor k 

were obtained for study i, and 0 otherwise. Regression coefficients and their standard errors from 
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the five imputed datasets were combined according to the rules of multiple imputation, as 

proposed by Rubin [15, 16]. All predictors that were significant (α ≤ 0.05) were combined into one 

linear score to be used for classifying patients (see Supplement 3 in Appendix). 

 

Prediction rule sensitivity, specificity, and discrimination: In applying the classification rule to a 

specific patient, the clinician can ascertain the value of each predictor (present or absent); since all 

predictors are available, all availability-indicators would be equal to 1. For the application of the 

rule on our original data set, we need to include the indicator in formula in Supplement 3 as we 

need to compute the score for all patients in our five studies and not all predictors are available for 

all studies. We applied the rule to all the patients in the five studies, each of which had been 

classified as having a CAD diagnosis or not.   Using different cut-off values of the chest pain score, 

we calculated sensitivity and specificity and the area under the ROC curve.   

Internal validation - We randomly partitioned the entire sample of patients into three sub-samples. 

We performed the steps of the meta-analysis, model derivation and model simplification three 

times, taking one of the sets as the test sample, the other two as learning samples.[21]. 

Sensitivity analyses:  We performed two sensitivity analyses. One measured the sensitivity, 

specificity, likelihood ratios, and discrimination (AUC) of the chest pain rule in patients with acute 

chest pain and patients with chronic chest pain (see Supplement 5 in the Appendix).  The other 

compared these performance measures after deleting one predictor variable (physician is 

concerned that chest pain is serious) (see Supplement 6 in the Appendix)).   

We used R 2.13.2 (R Foundation for Statistical Computing, Vienna, Austria) using Mice [17], 

randomForest [22], and pROC [23] packages. 
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3 Results   

As candidate predictors, we considered 61 medical history and physical examination items that at 

least two studies had collected routinely (see Supplement 2). No two studies collected the exact 

same set of predictors. The predictors ‘sex’ and ‘age’ were the only ones that all studies obtained. 

Based on the random forest tree analysis and the study-specific logistic regression analyses, we 

entered 19 candidate variables in a logistic regression model that we fitted to each of the five 

imputed meta-data sets.  

- Table 2 about here – 

 

The clinical prediction rule: In this patient-level meta-analysis, eleven of the 19 candidate 

predictors were statistically significant predictors of the final diagnosis (α≤0.05) (Table 2). The 

corresponding chest pain rule I discriminated well between patients with and without a CAD final 

diagnosis (area under the ROC curve, AUC, = 0.87) (table 3); the discrimination was only slightly 

lower (AUC=0.85) after eliminating the five statistically weakest predictors (chest pain rule II). The 

rule discriminated essentially equally well after we further simplified the calculation of the score by 

assigning a value of 1.0 or -1.0 to the six regression coefficients (chest pain rule III, AUC= 0.84).  

– Table 3 about here – 

 

The final chest pain rule III included six predictors: older age, physician initially suspected a serious 

condition (the very first impression or gut feeling), chest pain feels like “pressure”, chest pain is 

related to effort, history of CAD, and chest pain reproduced by chest wall palpation. With one 

exception, the presence of a predictor increased the likelihood of CAD; chest pain reproducible by 

chest wall palpation decreased the likelihood. Two of the five studies [2, 11] had collected data on 

all predictors included in the final chest pain rule III. Figure 2 shows the distribution of chest pain 
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scores in these two studies; the score values range from -1 to 5 points; most of the patients had 

scores of 1 or less. Using the same two studies, we calculated the diagnostic accuracy of this clinical 

prediction rule for a chest pain score threshold of 2 points (CAD considered unlikely if score < 2) 

(Table 4). We applied this rule to one of the two study settings (4) with a CAD prevalence of 13.2% 

using a prediction score cut-off of <2 (i.e., -1, 0, or +1). When the score was <2, the probability of 

CAD was 2.1% (95%CI: 1.1-3.9%); when the score was ≥2, it was 43.0% (95% CI: 35.8-50.4%). These 

post-test probabilities are equivalent to a negative predictive value of 97.9 and a positive predictive 

value of 43%, as shown in Table 4. 

We performed three internal cross-validations, which all yielded a model with the same predictors 

and similar estimates of their discriminatory power (see Supplement 4; Supplement Tables 2, 3, and 

4).  

- Figure 2 about here - 

- Table 4 about here - 
 

Sensitivity analyses:  we divided the study population into those with acute chest pain and those 

with non-acute chest pain and applied the simplified rule. Five of the six variables in the simplified 

rule had the same likelihood ratio in the two subgroups (see Supplement 5; Supplement Table 5). 

The variable ‘history of CAD’ was a weaker predictor in the acute chest pain subgroup. We applied 

the simplified rule (chest pain rule III) to the five imputed data sets from the two participating 

studies [2][11] that routinely collected data on all 6 variables in both subgroups. In both studies the 

simplified rule predicted a CAD reference diagnosis equally well in the two subgroups. When we 

applied the chest pain rule to the 5 imputed data sets of the study by Bösner et al. [11], the AUC 

ranged from 0.79 to 0.80 (patients with acute pain) and from 0.86 to 0.87 (patients with non-acute 

pain) (see Supplement 5, Supplement Table 6 and Figure 2); p values of DeLong's test for whether 
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the two ROC curves differed ranged from 0.08 to 0.12. In the study of Verdon et al. [2], the 

difference in the AUC of each subgroup was even smaller. 

We were concerned that some clinical sites would be reluctant to use a prediction rule that used 

the predictor variable “physician initially suspected a serious condition,” which requires a highly 

subjective judgement.  In a second sensitivity analysis, we deleted this variable from chest pain rule 

III and tested the resulting rule on the five imputed data sets derived from the Bösner et al. [11] 

and the Verdon et al. [2] respectively.  Omitting the variable reduced the sensitivity of the rule, 

increased its specificity, and did not change its discrimination (AUC)  (Supplement 6 in the 

Appendix).  

4 Discussion   

The present systematic review and meta-analysis is the first, to our knowledge, to pool the patient 

data from all completed studies of chest pain signs and symptoms in a primary care setting, which is 

where most patients with chest pain first seek care.  Our individual patient meta-analysis enhances 

internal validity in several ways.  First, the large number of patients improves statistical precision, 

especially for subgroup analyses, and reduces the likelihood of a Type II error in comparing 

subgroups of patients. Furthermore, the diverse primary care settings in different countries 

enhances external validity.  

 

Second, we used a statistical modeling strategy that deals with several difficulties encountered in 

individual patient meta-analyses based on observational studies.  These include heterogeneity 

across studies (different populations, different sets of routinely collected predictors) and within 

studies (missing observations).  The logistic regression meta-analytic model assumes that the 

effects of predictors on the probability of CAD are the same in all 5 studies, even if a particular 
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predictor is not available in a particular study. In our modeling strategy, only studies with data on a 

particular predictor contribute to the estimation of that predictor’s effect, and consequently 

different studies contribute differently to the estimation of predictive effects. In this way, albeit 

under the reasonable assumption of a common effect for all predictors in the final clinical 

prediction rule, the model optimizes the contribution of all studies. The use of different intercepts 

for each study adjusts for the heterogeneity between the 5 studies (because we had only 5 studies, 

we used fixed models). To deal with missing observations for a patient within a study, we used 

multiple imputation.  

 

Our meta-analysis has several limitations. First, the exact meaning of history items used in the 

studies may vary due to semantic and cultural differences, adding statistical uncertainty to 

measures of discrimination. Second, unlike a study of a recursive partitioning algorithm for 

diagnosing myocardial infarction [24],we did not do a prospective external validation in a 

consecutive series of patients from an independent clinical setting [25]. However, each prediction 

rules generated by our cross-validation identified the same predictors and each had sensitivity, 

specificity and likelihood ratios similar to the original prediction rule, suggesting that over-fitting to 

our study data sets is less likely. Our limited approach to validation is another limitation.  We did 

not do an internal validation study of the clinical diagnosis of CAD using an objective diagnostic 

reference standard on a randomly selected subset of patients from the pooled study populations.  

Such a study would be subject to concerns that the results of applying an objective diagnostic 

reference standard to patients referred for it would not be the same as the source population (test-

referral bias).  Our cross-validation study provides an internal validity check that our model was not 

over-fitted to the data.  We did not do a prospective external validation study in a consecutive 

series of patients from an independent clinical setting, as is considered best practice.  Ideally, an 
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external validation study should be entirely independent of the original study: new patients, 

different clinical settings, and different clinicians [25, 26]. We suggest that an individual patient 

meta-analysis based on data pooled from studies done at different times, with different patients 

and clinicians, and using different diagnostic reference standards provides partial assurance of 

external validity. 

 

 The choice of a diagnostic reference standard in studies of chest pain in primary care poses a 

special dilemma. We used a clinical diagnostic reference standard based on follow-up data rather 

than a uniform objective measure, such as coronary arteriography. This is a limitation because 

some diagnostic misclassification probably occurred and because clinical findings obtained at the 

index visit may have influenced the final diagnosis, which could lead to biased estimates of the 

likelihood ratios of clinical findings. Using coronary angiography as the diagnostic reference 

standard is not feasible in primary care settings. The alternative, using receipt of coronary 

angiography as a study inclusion criterion, would result in referral bias and possibly a serious 

systematic error when applying the results to a primary care population [27]. Despite these 

observations, a clinical diagnosis after follow-up may be a good diagnostic reference standard for 

primary care, since the clinician is initially uncertain of the diagnosis and hopes to choose the best 

interventions for the eventual diagnosis as established by testing, response to empirical treatment, 

and the passage of time.   

 

Comparison of our prediction rule and previous work is difficult because we studied patients in 

primary care, whereas prior studies studied them in emergency department and subspecialty 

clinics. In one large study validating a prediction rule for assessing chest pain in the ED, the target 

was myocardial infarction, and ECGs were performed routinely [24]. Because that study used a 
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recursive partitioning algorithm, it is possible to evaluate the role of the ECG findings in identifying 

patients with myocardial infarction.  Four of the 13 nodes in the algorithm used ECG results, and 

these nodes identified 628 of the 835 patients with myocardial infarction. Only 3 nodes used 

findings that were included in our prediction rule, and all of them were distal to a high yield ECG-

based node, which made it impossible to compare the accuracy of these findings in our study (in 

which ECGs were done sporadically) and theirs. 

 

A 2012 individual patient meta-analysis of 18 data sets developed a CAD prediction rule in 

hospitalized patients who were referred to CT angiography, catheter angiography or both [28]. The 

findings of angiography were used to establish the reference diagnosis. We could not use the 

results of this study as a validity check on our results because the authors classified the 

participants’ chest pain as non-specific, atypical angina, and typical angina and used these global 

syndromes as candidate predictors of the results of angiography.  We, on the other hand, used the 

individual characteristics of chest pain (e.g. substernal, brought on by exertion, reproduced by 

palpating the chest wall) as candidate predictors. 

 

A critical concern for any clinical prediction rule is linking the clinical score to an action, such as 

referral from primary care to an emergency department. A clinical score above a threshold would 

lead to further evaluation or treatment for CAD, whereas a score below the threshold would lead to 

watchful waiting or pursuing other diagnoses. In decision theory, the choice of threshold depends 

on the prevalence of CAD and the ratio of harms to benefits of the actions to be taken.[29] Given 

the small harms of treating CAD in patients who do not have CAD and the large benefit of treating 

CAD in patients who do have CAD, one should prefer a threshold clinical score that provides high 

sensitivity. A high sensitivity threshold would mean a very low probability of CAD if the clinical score 
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is below the action threshold. Using the simplified chest pain rule 3, a score value below 2 points 

resulted in a sensitivity of 88 % and 82%, respectively in the two study sites that were suitable for 

calculating sensitivity and specificity because they had obtained all of the chest pain rule predictors 

[2, 11]. While that sensitivity might seem too low for the clinician to rely solely on this prediction 

rule, especially in acute situations, the prevalence of a CAD diagnosis is low in office-based primary 

care, as shown in these two studies (13.2% and 14.5%) [2, 11].  Therefore, the negative predictive 

values (the probability that a patient with a chest pain score < 2 does not have a CAD diagnosis) in 

these two settings is very high (97.9% and 96.0%, respectively). Given the low probability of a CAD 

diagnosis with a score <2, clinicians may consider the rule to be suitable for initial triage in a 

primary care setting, especially if the prevalence of CAD diagnoses was very low (e.g., 7.4% as in the 

Sox et al. study [4]). 

 

In the past 25 years, five studies have focused on the diagnosis of coronary artery disease in 

patients with chest pain in the primary care setting, a small number given the importance of the 

problem. We undertook a systematic review of this experience. By pooling the data from the 5 

studies, we hoped to create a prediction rule that was more trustworthy than the clinical prediction 

rules of the 5 individual studies. Beyond the specifics of the clinical problem, our study suggests a 

more general model for diagnostic research: the sharing of clinical data to improve the care of the 

patient [30]. In the coming era of large data sets derived from diverse clinical settings, researchers 

are eager to pool data and develop clinical prediction rules with high external validity.  Our 

experience with 5 independently derived, heterogeneous data sets, and that described in a recent 

publication [28], provide reason to hope that individual patient-level meta-analysis can produce 

promising clinical tools from studies that were performed independently with little or no attention 

to standardizing data definitions, clinical data sets, and uniform diagnosis protocols.   
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Figure 1: Schematic depiction of methods: This figure shows two studies (Study 1 and 
Study 2) to represent the process for all five studies.  Imputation of within- study data 
missing at random generates five imputed data sets for each study, each containing all 
patients in the study but differing because of the randomly imputed values for the missing 
data.  Five imputed meta-data sets are constructed by pooling one of the five imputed data 
sets from each study (shown here as pooling the first imputed datasets across all five 
studies, next pooling the second ones, and so on). The predictors were selected as follows. 
For each imputed data set and for each study: first, the random forest method identified 
candidate predictors; next, a logistic regression model using these candidate predictors was 
fitted.  All statistically significant predictors (at level ≤0.05) in the logistic regression models 
from at least one of the imputed datasets across all studies were included as candidate 
predictors for the analysis of the meta-data.  Logistic regression models using these 
candidate predictors were fitted to each imputed meta-data set.  Note that only studies 
providing data on a particular predictor contribute to the estimation of the effect of that 
predictor.  To account for these study differences as well as for varying pretest probabilities 
of CAD across the individual studies, study-specific intercepts were used for the logistic 
regression meta-models. Coefficients and their standard errors from the fits on each 
imputed meta-data set are combined using the methods of Rubin et al. [15, 16].  All 



 22 

predictors that were statistically significant (at level ≤0.05) in the combined analysis were 
used in the chest pain rule I.  Further stepwise exclusion until only six predictor remained 
resulted in a simpler chest pain rule.  
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Figure 2 presents counts of patients with each rule score separately for patients with and 
without CAD using data of the third imputed data set of the Bösner 2010[11] and Verdon 
2008[2] study, respectively. These studies were the only ones that collected data on all six 
of the parameters appearing in the final rule (chest pain rule III). 
Note: In Verdon 2008 [2] the predictor “history of CAD” was not asked in a direct way, but 
study physicians were asked to report up to 3 main diagnoses. Therefore, the information 
on the predictor may be less reliable in this sample.   
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Table 1: Characteristics of studies and patients included in analysis. 

 Sox 1990 [4] Buntinx 1992 [9] Nilsson 2003 
[10]  

Verdon 2008 [2] Bösner 2010 
[11] 

Country USA Belgium Sweden Switzerland Germany 

Setting 1 Drop-in clinic 
with multiple 
PCPs 

25 PCPs 3 Health care 
centres each 
served by 4 
PCPs 

58 PCPs in private 
practice 

74 PCPs in 
private practice 

N* 395 299 523 644 1238 

Age (mean, sd) 41.5 (14.2) 47.1(17.3) 54.2 (14.4) 55.4 (19.0) 59.4 (13.9) 

Female sex (%) 52.8 48.5 50.3 52.3 56.2 

Reference 
standard 
 

Delayed-type 
reference 
standard 

Delayed-type 
reference 
standard 

Delayed-type 
reference 
standard 

Delayed-type 
reference 
standard 

Delayed-type 
reference 
standard 

Duration of follow-
up 

At least 1 year 2 weeks to 2 
months 

3 months 12 months 6 months 

Reference 
diagnosis 
established by 
 

2 internist-
investigators 
independently 
assigned 
diagnosis.  

Treating 
physicians 
 

Treating 
physicians 
 

Treating 
physicians/ 
diagnoses were 
reviewed by a 
group of 
independent 
clinicians 

Independent 
expert panel 
(1GP, 1 
cardiologist, 1 
research fellow) 

Prevalence of 
CAD as cause of 
chest pain (%) 

7.4% 10.4% 11.9% 13.2% 14.5% 

* Number of patients aged ≥18y with valid reference diagnosis 
PCP: primary care physicians 



 

 

25 

25 

Table 2: Results of the multivariate meta-analysis. 
Predictors† Number studies/ 

Number patients‡ 
Regression coefficient§ 
(Standard error) 

Odds ratio for CAD 
diagnosis (95% CI) 

Older Age¶ 5/ 3099 1.43 (0.16)* 4.19 (3.06 to 5.7)* 
Physician initially suspected a serious 
condition** 3/ 2181 1.30 (0.19)* 3.67 (2.53 to 5.3)* 

CP that feels like pressure 4/ 2576 0.64 (0.18)* 1.90 (1.33 to 2.7)* 
CP related to effort 4/ 2576 1.19 (0.17)* 3.29 (2.36 to 4.6)* 
History of CAD 2/ 1633 1.73 (0.22)* 5.64 (3.66 to 8.7)* 
Pain reproducible by palpation 4/ 2576 -1.54 (0.24)* 0.21 (0.13 to 0.3)* 
Male sex 5/ 3099 0.28 (0.14)* 1.32 (1.01 to 1.7)* 
Emergency visit 4/ 1861 -0.18 (0.19) 0.84 (0.58 to 1.2) 
History of CP 3/ 1338 0.43 (0.25) 1.54 (0.94 to 2.5) 
Patient assumed CP was related to heart 2/ 1761 1.13 (0.23)* 3.10 (1.97 to 4.9)* 
Retrosternal CP 4/ 2576 0.25 (0.17) 1.28 (0.92 to 1.8) 
Radiation to neck, jaw 4/ 2576 0.61 (0.29)* 1.84 (1.04 to 3.2)* 
Stabbing CP 4/ 2576 -0.43 (0.21)* 0.65 (0.43 to 1.0)* 
Nausea 3/ 1932 -0.09 (0.34) 0.91 (0.47 to 1.8) 
Sputum 3/ 1338 -0.75 (1.13) 0.47 (0.05 to 4.3) 
Abnormal findings pulmonary auscultation 3/ 1338 -0.45 (0.62) 0.64 (0.19 to 2.1) 
Abnormal findings cardiac auscultation 2/ 1039 0.75 (1.09) 2.12 (0.25 to 17.9) 
History of hypertension 2/ 1633 0.35 (0.21) 1.42 (0.94 to 2.1) 
History of smoking 3/ 1932 0.63 (0.26)* 1.88 (1.13 to 3.1)* 
* p≤0.05 
† Predictors listed in the predictor candidate list and entered in the model. 
‡ Number of studies refers to the number that routinely collected the item. Number of patients refers to number of 
patients who gave a response to the item. 
§ The data are the result of regression analyses of five meta-data sets, each containing all patients in the five studies but 
differing in the values imputed to missing data in a study. Estimates of regression coefficients and standard errors 
gained from the five imputed datasets were combined according to the rules proposed by Rubin [16]. 
¶ Age is included in the model as a binary variable with gender-specific thresholds (male: ≥ 55 y, female ≥ 65 y). 
CP: chest pain, CAD Coronary Artery Disease 
** This assessment was based on a very first impression or gut feeling. 
Regression coefficients below ‘0’ and odds ratios below 1 indicate that the presence of the symptom or sign decreases 
the likelihood of CAD. Regression coefficients above ‘0’ and odds ratios above 1 indicate that the presence of the 
symptom or sign increases the likelihood of CAD. 
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Table 3. Discriminatory power of three different chest pain rules. 
Predictors in the model. Each predictor was 
coded as “yes” or “no”. 

Weight of the 
predictor if 
coded as “yes”. 

AUC 

Chest pain rule I 
Older age† 
Male sex 
Physician initially suspected a serious condition 
Patient assumed CP was related to heart 
Radiation to neck, jaw 
Stabbing CP 
Chest discomfort feels like “pressure” 
CP related to effort 
Pain reproducible by palpation 
History of smoking 
History of CAD 

+1.49 
+0.25 
+1.32 
+1.14 
+0.63 
- 0.46 
+0.69 
+1.23 
- 1.59 
+0.57 
+1.81 

0.87 

Chest pain rule II 
Older age† 
Physician initially suspected a serious condition 
Chest discomfort feels like “pressure” 
CP related to effort 
Pain reproducible by palpation 
History of CAD 

+1.55 
+1.35 
+0.84 
+1.25 
- 1.70 
+1.71 

0.85 

Chest pain rule III 
Older age† 
Physician initially suspected a serious condition 
Chest discomfort feels like “pressure” 
CP related to effort 
Pain reproducible by palpation 
History of CAD 

+1 
+1 
+1 
+1 
- 1 
+1 

0.84 

CP: chest pain, CAD: coronary artery disease, AUC: Area under the ROC curve 
Chest pain rule I: All predictors that were significant (α≤0.05) were included and 
weighted according to the regression coefficients. 
Chest pain rule II: Rule I was simplified by excluding the least significant predictor 
stepwise until only six highly significant predictors (p<0.01) were included in the 
model. 
Chest pain rule III: Rule II was simplified by rounding the regression coefficients 
estimates.to unity. 
* Weights above ‘1’ indicate that the presence of the symptom or sign increases 
the likelihood of CAD. Weights values below 1 indicate that the presence of the 
symptom or sign decreases the likelihood of CAD.  
† Age is included in the model as a binary variable (male: ≥ 55 y, female ≥ 65 y). 
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Table 4: Diagnostic accuracy of chest pain rule III in the two studies that routinely collected all of 
the predictors using a threshold of 2 points (CAD negative if score < 2; CAD positive if score ≥ 2). 

Sample Sensitivity %  
(95% CI) 

Specificity % 
(95% CI) 

+ LR 
(95% CI) 

-LR 
(95% CI) 

PPV % 
(95% CI) 

NPV % 
(95% CI) 

Bösner 
2010[11] 

82.0  
(75.1-87.3) 

73.8 
(70.9-76.4) 

3.13 
(2.74-3.57) 

0.24 
(0.17-0.34) 

34.7 
(30.2-39.5) 

96.0 
(94.3-97.2) 

Verdon 
2008[2] 

88.2 
(79.5-93.6) 

82.2 
(78.7-85.2) 

4.95 
(4.08-6.02) 

0.14 
(0.08-0.26) 

43,0 
(35.8-50.4) 

97.9 
(96.1-98.9) 

Predictors and respective score values included in chest pain rule III: 
age, physician initially suspected a serious condition, chest discomfort feels like “pressure,” chest pain 
related to effort, pain reproducible by chest wall palpation, history of CAD; variables were weighted as ‘1’ if 
regression coefficient > 0 and as ‘-1’ if coefficient < 0. 
+LR: positive likelihood ratio; -LR: negative likelihood ratio (the likelihood ratio is the amount that the odds 
of CAD change if the score is above (LR-positive) or below (LR-negative) the threshold chest pain score); 
PPV: positive predictive value; NPV: negative predictive value. 
Note: In Verdon 2008[2] the predictor “history of CAD” was not asked in a direct way, but study physicians 
were asked to report up to 3 main diagnoses. Therefore, the information on this predictor may be less 
reliable in this sample.  
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Supplement 1: Search 

We searched PubMed (October 2010) and EMBASE (March 2011). We used search terms 
“chest pain” and “primary care.” Search strategies included subject headings (MeSH, 
Embtree) as well as free-text terms. Additionally, we searched the online published abstracts 
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European General Practice Research Network.Two reviewers independently screened title and 
abstracts. They retrieved and screened full text articles of all potentially relevant studies. A 
third reviewer reassessed all selected full text articles for relevance. The three reviewers 
resolved disagreements by discussion. 
 
Figure 1. Flow of search 

 



Supplement 2: Predictors included in the analysis 

Table 1a: Predictors and percentages of missing values 

Predictor Sox 
1990 

Buntinx 
1992 

Nilsson 
2003 

Verdon 
2008 

Bösner 
2010 

All 

Age 0.25 0 0 0 0 0.03 
Sex 0 0.33 0 0 0 0.03 
Context of consultation       
Did the patient require a home visit? - 0 - 0.16 0 0.05 
Did the PCP know the patient? 0 - - 0.62 0.32 0.35 
Was the encounter an emergency/ an urgent 
visit? 

0 0.67 0 0.31 - 0.21 

Was chest pain the main complaint? - 0 - 0.62 0.24 0.32 
Was CP present during consultation? - - - 2.48 1.7 1.97 
Had the patient experienced CP before? 1.01 2.34 - 2.64 - 2.09 
PCPs’/ Patients’ concern       
Did the PCP initially (very first impression) 
suspected a serious condition? 

- 0.33 - 4.81 3.23 3.30 

Was the patient anxious? 5.57 0.67 - 0.47 2.5 2.25 
Did the patient think the pain was related to 
the heart? 

- - 7.07 - 11.23 9.99 

Pain characteristics - localization       
Retrosternal CP 0.76 0.67 - 0 0.08 0.23 
Precordial CP  0.76 0.67 - 0 0.08 0.23 
Left-sided CP 0.76 - - 0 0.08 0.18 
Right-sided CP 0.76 - - 0 0.08 0.18 
Pain characteristics – radiation        
Band-shaped radiation of pain 5.82 4.35 - 0 0.08 1.44 
CP radiating to left shoulder/arm 5.82 4.35 - 0 0 1.40 
CP radiating to right shoulder/arm 5.82 - - 0 0 1.01 
CP radiating to neck, jaw, bottom side of face 5.82 4.35 - 0 0 1.40 
CP radiating to abdomen 5.82 4.35 - 0 0 1.40 
Pain characteristics intensity       
Intensity of CP  1.77 - - 1.09 - 1.35 
Pain characteristics – quality/ word 
descriptors 

      

Stabbing pain 2.53 3.01 - 0 0.65 1.05 
CP feels like “pressure” 2.53 3.01 - 0 0 0.74 
Burning pain 2.53 3.01 - 0 0.65 1.05 
Dull pain 2.53 - - 0 0.65 0.79 
Pain characteristics – duration and course       
Time since first occurrence of the pain 9.62 5.69 0.57 - 1.78 3.26 
Continuous pain 0.76 0 - 9.94 0.57 2.87 
Duration of a typical pain episode 16.96 - - 9.94 1.29 6.46 
Frequency of CP 19.75 - - - 18.01 18.43 
Clinical Course of pain 3.54 - - 3.42 - 3.46 
Pain depend on/ provoked by / related to       
CP related to breathing 3.29 0 - 0 3.55 2.21 
CP related to movement 3.29 0 - 0 3.55 2.21 
CP related to swallow  3.29 0 - 0 - 0.97 
CP related to ingestion - - - 0 3.55 2.34 
CP related to effort/ exercise 3.29 0 - 0 3.55 2.21 
CP related to cough 3.29 0 - 0 - 0.97 
CP related to body position 10.13 - - 0 - 3.85 
Relief after administration of NTG 91.14 78.60 - - - 85.73 
Relief after administration of antacid 64.81 79.93 - - - 71.33 



Additional complaints/ associated symptoms       
Fever 4.56 0 - 0 - 1.35 
Cough  0.76 0 - 0 0 0.12 
Dyspnea 1.77 0 - 0 0 0.27 
Sweating 0 4.01 - 0 3.47 2.14 
Paleness - 2.68 - 0 3.23 2.20 
Nausea  0 0 - - 0 0 
Signs of a cold/ respiratory infect 8.1 - - - 0 1.96 
Sputum  71.14 0 - 0 - 21.00 
Reduced state of consciousness 0 - - 0 - 0 
Physical examination       
Heart rate - 22.41 - 0 17.61 13.07 
Blood pressure - 16.72 - - 10,26 11.52 
Arrhythmia - 13.04 - 0 - 4.14 
Pulmonary auscultation 77.97 0 - 0 - 23.02 
Cardiac auscultation 77.97 - - 0 - 29.64 
Pain reproducible by palpation 2.78 4.68 - 0 27.3 14.09 
Medical history – coronary risk factors, 
previous cardiac events 

      

History of dyslipidemia/ hyperlipidemia 0 - - - 9.05 6.86 
History of diabetes (diabetes mellitus) 0 - - - 9.05 6.86 
Family history of myocardial infarction 5.06 14.05 - - 9.05 9.01 
History of hypertension 0 - - - 9.05 6.86 
Smoking 1.77 4.35 - - 9.05 6.83 
History of myocardial infarction 0 - - - - 0 
History of known CAD 0 - - - 9.05 6.86 
PCP: primary care physician; CP: chest pain; NTG: nitro-glycerine; CAD: coronary artery disease  
 

 

 

  

Table 1 b: Description of the predictors within the individual studies 

 Age 
Available in all data sets as a continuous variable (years). 

 Sex 
Available in all data sets as a dichotomous variable. 

 Context of consultation 
 Did the patient require a home visit? 

Buntinx 1992: dichotomous variable 
Verdon 2008: categorical variable (telephone, home visit, practice) 
Bösner 2010: dichotomous variable 
Nilsson 2003: na (All encounters took place in the primary health care centre). 
Sox 1990: na (All encounters took place in the primary health care centre). 

 Did the PCP know the patient? 
Buntinx 1992: na 
Verdon 2008: dichotomous variable 
Bösner 2010: dichotomous variable 
Nilsson 2003: na 
Sox 1990: na 

 Was the encounter an emergency/ an urgent visit?  
Buntinx 1992: dichotomous variable 
Verdon 2008: dichotomous variable 
Bösner 2010: na 
Nilsson 2003: dichotomous variable 
Sox 1990: na 

 Was chest pain the main complaint? 
In general, all patients in all studies had had chest pain. But not in all patients chest pain was the main 
complaint. 



Buntinx 1992: open-ended question, free text 
Verdon 2008: dichotomous variable 
Bösner 2010: dichotomous variable 
Nilsson 2003: na 
Sox 1990:na 

 Was CP present during consultation? 
Buntinx 1992: na 
Verdon 2008: dichotomous variable 
Bösner 2010: dichotomous variable 
Nilsson 2003: na 
Sox 1990: na 

 Had the patient experienced CP before? 
Buntinx 1992: dichotomous variable 
Verdon 2008: dichotomous variable 
Bösner 2010: na 
Nilsson 2003: na 
Sox 1990: dichotomous variable 

 GPs’/ Patients’ concern 
 Did the PCP initially (very first impression) suspected a serious condition? 

Buntinx 1992: dichotomous variable 
Verdon 2008: combination of two dichotomous variables both describing impressions of the GP 
Bösner 2010: dichotomous variable 
Nilsson 2003: na 
Sox 1990: na 

 Was the patient anxious? 
Buntinx 1992: categorical variable describing the impression of the GP 
Verdon 2008: combination of two categorical variables describing the impression of the GP and the 
expression of the patient 
Bösner 2010: categorical variable, definitions of categories provided 
Nilsson 2003: na 
Sox 1990: na 

 Did the patient think the pain was related to the heart? 
Buntinx 1992: na 
Verdon 2008: na 
Bösner 2010: dichotomous variable  
Nilsson 2003: dichotomous variable 
Sox 1990: na 

 Pain characteristics - localization 
The four variables that are related to localisation of the pain are not exclusive. That means that the pain for 
example could be localized in the retrosternal area of the chest and in the left or right side. 

 Retrosternal CP 
Buntinx 1992: categorical variable describing the localisation of the pain (retrosternal, precordial, others) 
Verdon 2008: derived from a graphical presentation of the pain area in the questionnaire 
Bösner 2010: derived from a graphical presentation of the pain area in the questionnaire 
Nilsson 2003: na 
Sox 1990: categorical variable describing the localisation of the pain 

 Precordial CP 
Buntinx 1992: categorical variable describing the localisation of the pain (retrosternal, precordial, others) 
Verdon 2008: derived from a graphical presentation of the pain area in the questionnaire 
Bösner 2010: derived from a graphical presentation of the pain area in the questionnaire 
Nilsson 2003: na 
Sox 1990: categorical variable describing the localisation of the pain 

 Left-sided CP  
Buntinx 1992: na 
Verdon 2008: derived from a graphical presentation of the pain area in the questionnaire 
Bösner 2010: derived from a graphical presentation of the pain area in the questionnaire 
Nilsson 2003: na 
USA: categorical variable describing the localisation of the pain 

 Right-sided CP 
Buntinx 1992: na 
Verdon 2008: derived from a graphical presentation of the pain area in the questionnaire 
Bösner 2010: derived from a graphical presentation of the pain area in the questionnaire 
Nilsson 2003: na 
Sox 1990: categorical variable describing the localisation of the pain 

 Pain characteristics – radiation The four variables that are related to radiation of the pain are not exclusive. 
 Band-shaped radiation of pain 

Buntinx 1992: categorical variable describing the radiation of the pain 
Verdon 2008: derived from a graphical presentation of the pain radiation in the questionnaire 



Bösner 2010: derived from a graphical presentation of the pain radiation in the questionnaire 
Nilsson 2003: na 
Sox 1990: categorical variable describing the radiation of the pain 

 CP radiating to left shoulder/arm  
Buntinx 1992: categorical variable describing the radiation of the pain 
Verdon 2008: derived from a graphical presentation of the pain radiation in the questionnaire 
Bösner 2010: derived from a graphical presentation of the pain radiation in the questionnaire 
Nilsson 2003: na 
Sox 1990: categorical variable describing the radiation of the pain 

 CP radiating to right shoulder/arm 
Buntinx 1992: na 
Verdon 2008: derived from a graphical presentation of the pain radiation in the questionnaire 
Bösner 2010: derived from a graphical presentation of the pain radiation in the questionnaire 
Nilsson 2003: na 
Sox 1990: categorical variable describing the radiation of the pain 

 CP radiating to neck, jaw, bottom side of face  
Buntinx 1992: categorical variable describing the radiation of the pain 
Verdon 2008: derived from a graphical presentation of the pain radiation in the questionnaire 
Bösner 2010: derived from a graphical presentation of the pain radiation in the questionnaire 
Nilsson 2003: na 
USA: categorical variable describing the radiation of the pain 

 CP radiating to abdomen 
Buntinx 1992: categorical variable describing the radiation of the pain 
Verdon 2008: derived from a graphical presentation of the pain radiation in the questionnaire 
Bösner 2010: derived from a graphical presentation of the pain radiation in the questionnaire 
Nilsson 2003: na 
Sox 1990: categorical variable describing the radiation of the pain 

 Pain characteristics - intensity 
 Intensity of CP 

Buntinx 1992: na 
Verdon 2008: ordinal variable 
Bösner 2010: na 
Nilsson 2003: na 
Sox 1990: ordinal variable 

 Pain characteristics – quality/ word descriptors 
The variables related to the quality of pain are not exclusive, i.e. it could be that a patient described his pain as 
oppressive and burning. 

 Stabbing pain  
Buntinx 1992: categorical (5) variable describing quality of pain 
Verdon 2008: categorical (6) variable describing quality of pain 
Bösner 2010: categorical (4) variable describing quality of pain 
Nilsson 2003: na 
Sox 1990: categorical (10) variable describing quality of pain 

 Pressure 
Buntinx 1992: categorical (5) variable describing quality of pain 
Verdon 2008: categorical (6) variable describing quality of pain 
Bösner 2010: categorical (4) variable describing quality of pain 
Nilsson 2003: na 
Sox 1990: categorical (10) variable describing quality of pain 

 Burning pain 
Buntinx 1992: categorical (5) variable describing quality of pain 
Verdon 2008: categorical (6) variable describing quality of pain 
Bösner 2010: categorical (4) variable describing quality of pain 
Nilsson 2003: na 
Sox 1990: categorical (10) variable describing quality of pain 

 Dull pain 
Buntinx 1992: na 
Verdon 2008: categorical (6) variable describing quality of pain 
Bösner 2010: categorical (4) variable describing quality of pain 
Nilsson 2003: na 
Sox 1990: categorical (10) variable describing quality of pain 

 Pain characteristics – duration and course 
 Time since first occurrence of the pain 

 Buntinx 1992: ordinal variable (<1hour, <1day, >1day) 
Verdon 2008: na 
Bösner 2010: ordinal variable (<1hour, <1day, >1day) 
Nilsson 2003: ordinal variable (> 1 week, 1 day – 1 week, < 1 day) 
Sox 1990: open-ended question, input in days. 



 Continuous pain 
Buntinx 1992: categorical variable describing the course of the pain (continuously, changing, only if 
palpated) 
Verdon 2008: ordinal (6) variable describing the duration of a pain episode 
Bösner 2010: ordinal (6) variable describing the duration of a pain episode 
Nilsson 2003: na 
Sox 1990: categorical (3) variable (constant, intermittent, steady with variation) 

 Duration of a typical pain episode 
Buntinx 1992: na 
Verdon 2008: categorical (6) variable describing the duration of a pain episode 
Bösner 2010: categorical (6) variable describing the duration of a pain episode 
Nilsson 2003: na 
Sox 1990: open-ended question, input in minutes 

 Frequency of CP 
Buntinx 1992: na 
Verdon 2008: na 
Bösner 2010: categorical (3) question 
Nilsson 2003: na 
Sox 1990: open-ended question, input number per day 

 Clinical Course of pain 
Buntinx 1992: na 
Verdon 2008: categorical (5) variable  
Bösner 2010: na 
Nilsson 2003: na 
Sox 1990: categorical (5) variable 

 Pain characteristics - classification 
 Pain depend on/ provoked by / related to 

The variables related to the “pain depend on”  are not exclusive, i.e. it could be that a patient described his pain as being 
related to e.g. effort and breathing. 

 CP related to breathing 
Buntinx 1992: categorical variable (5) describing factors/ activities that cause the pain 
Verdon 2008: categorical variable (5) describing factors/ activities that cause in the pain 
Bösner 2010: categorical variable (4) describing factors/ activities that cause in the pain 
Nilsson 2003:na 
Sox 1990: categorical variable (9) describing factors/ activities that cause in the pain 

 CP related to movement 
Buntinx 1992: categorical variable (5) describing factors/ activities that cause the pain 
Verdon 2008: categorical variable (5) describing factors/ activities that cause in the pain 
Bösner 2010: categorical variable (4) describing factors/ activities that cause in the pain 
Nilsson 2003:na 
Sox 1990: categorical variable (9) describing factors/ activities that cause in the pain 

 CP related to swallow 
Buntinx 1992: categorical variable (5) describing factors/ activities that cause the pain 
Verdon 2008: categorical variable (5) describing factors/ activities that cause in the pain 
Bösner 2010: na 
Nilsson 2003:na 
Sox 1990: categorical variable (9) describing factors/ activities that cause in the pain 

 CP related to ingestion 
Buntinx 1992: na 
Verdon 2008: categorical variable (5) describing factors/ activities that cause in the pain 
Bösner 2010: categorical variable (4) describing factors/ activities that cause in the pain 
Nilsson 2003:na 
Sox 1990: na 

 CP related to effort/ exercise 
Buntinx 1992: categorical variable (5) describing factors/ activities that cause the pain 
Verdon 2008: categorical variable (5) describing factors/ activities that cause the pain 
Bösner 2010: categorical variable (4) describing factors/ activities that cause the pain 
G2: na 
Nilsson 2003:na 
Sox 1990: categorical variable (9) describing factors/ activities that cause the pain 

 CP related to cough 
Buntinx 1992: categorical variable (5) describing factors/ activities that cause the pain 
Verdon 2008: categorical variable (5) describing factors/ activities that cause in the pain 
Bösner 2010: na 
Nilsson 2003:na 
Sox 1990: categorical variable (9) describing factors/ activities that cause in the pain 

 CP related to body position 
Buntinx 1992: na 



Verdon 2008: categorical variable (5) describing factors/ activities that cause in the pain 
Bösner 2010: na 
Nilsson 2003:na 
Sox 1990: categorical variable (9) describing factors/ activities that cause in the pain 

 Relief after administration of NTG 
Buntinx 1992: categorical variable (relief, no relief, not tried) 
Verdon 2008: na 
Bösner 2010: na 
Nilsson 2003: na 
Sox 1990: categorical variable (relief, no relief, not tried) 

 Relief after administration of antacid 
Buntinx 1992: categorical variable (relief, no relief, not tried) 
Verdon 2008: na 
Bösner 2010: na 
Nilsson 2003: na 
Sox 1990: categorical variable (relief, no relief, not tried) 

 Additional complaints/ associated symptoms 
The following variables described if one or more of several additional complaints occurred. They are not exclusive, that 
means that 2 or more additional symptoms could occur in the same patient. 

 Fever 
Buntinx 1992: categorical (6) variable describing additional symptoms 
Verdon 2008: combination of two variables (reported by patient [no threshold provided], result of physical 
examination [>37.8°C]) 
Bösner 2010: na  
Nilsson 2003:na 
Sox 1990: combination of two variables (reported by patient [≥100°F], result of physical examination 
[≥100°F]) 

 Cough 
Buntinx 1992: categorical (6) variable describing additional symptoms 
Verdon 2008: combination of two variables (reported by patient, result of physical examination) 
Bösner 2010: categorical (5) variable describing additional symptoms 
Nilsson 2003: na 
Sox 1990: Combination of two variables (additional symptoms, other complaints caused patient to come in) 

 Dyspnea 
Buntinx 1992: categorical (6) variable describing additional symptoms (dyspnoea at rest)  
Verdon 2008: combination of two variables: reported by patient (difficulty breathing) and result of physical 
examination (tachypnea) 
Bösner 2010: categorical (5) variable describing additional symptoms (dyspnoea) 
Nilsson 2003: na 
Sox 1990: combination of two variables: reported by patient (difficulty breathing) and result of physical 
examination (tachypnea) 

 Sweating 
Buntinx 1992: dichotomous variable describing GP’s impression during consultation 
Verdon 2008: categorical variable describing the results of the physical examination 
Bösner 2010: categorical (5) variable describing GP’s impressions during consultation  
Nilsson 2003: na 
Sox 1990: categorical variable describing symptoms the patients experienced during the chest episode  

 Paleness 
Buntinx 1992: dichotomous variable describing GP’s impression during consultation 
Verdon 2008: categorical variable describing the results of the physical examination 
Bösner 2010: dichotomous variable describing GP’s impression during consultation 
Nilsson 2003: na 
Sox 1990: na 

 Nausea 
Buntinx 1992: na 
Verdon 2008:na 
Bösner 2010: categorical (5) variable describing additional symptoms 
Nilsson 2003:na 
Sox 1990: categorical variable describing symptoms the patients experienced during the chest episode 

 Signs of a cold/ respiratory infect 
Buntinx 1992: na 
Verdon 2008: na 
Bösner 2010: categorical (5) variable describing additional symptoms 
Nilsson 2003: na 
Sox 1990: categorical (3) variable describing symptoms beginning at time of first chest pain 

 Reduced state of consciousness 
Buntinx 1992: na 
Verdon 2008: categorical variable describing additional symptoms 



Bösner 2010: na 
Nilsson 2003: na 
Sox 1990: categorical variable describing cough if present. 

 Physical examination 
 Heart rate (Heart rate ordinal: bradycardia, tachycardia, normal) 

Buntinx 1992: derived from continuous variable (b/m), (bradycardia<60b/m, tachycardia>100b/m) 
Verdon 2008: variable describing results of the physical examination, no threshold provided 
Bösner 2010: derived from continuous variable (b/m), (bradycardia<60b/m, tachycardia>100b/m) 
Nilsson 2003: na 
Sox 1990: na 

 Blood pressure (ordinal variable high, normal, low) 
Buntinx 1992: derived from continuous variable (High blood pressure if sys> 150 or dia >90, low blood 
pressure if sys<100 or dia < 60) 
Verdon 2008: na 
Bösner 2010: derived from continuous variable High blood pressure if sys> 150 or dia >90, low blood 
pressure if sys<100 or dia < 60) 
Nilsson 2003: na 
Sox 1990: na 

 Arrhythmia 
Buntinx 1992: ordinal (3) variable 
Verdon 2008: variable describing results of the physical examination 
Bösner 2010: na 
Nilsson 2003: na 
Sox 1990: na 

 Pulmonary auscultation 
Buntinx 1992: dichotomous variable  
Verdon 2008: variable describing results of the physical examination 
Bösner 2010: na 
Nilsson 2003: na 
Sox 1990: variable describing results of the physical examination 

 Cardiac auscultation 
Buntinx 1992: na 
Verdon 2008: variable describing results of the physical examination 
Bösner 2010: na 
Nilsson 2003: na 
Sox 1990: variable describing results of the physical examination 

 Pain reproducible by palpation 
Buntinx 1992: ordinal variable (4) 
Verdon 2008: variable describing results of the physical examination 
Bösner 2010: dichotomous variable 
Nilsson 2003: na 
Sox 1990: variable describing results of the physical examination 

 Medical history – coronary risk factors, previous cardiac events 
The following variable are related to information regarding the presence of cardiovascular risk factors or a 
history of previous cardiac events 

 History of dyslipidemia/ hyperlipidemia 
Buntinx 1992: na 
Verdon 2008: na 
Bösner 2010: categorical variable describing the absence/ presence of risk factors, no definition provided, 
reported by GP 
Nilsson 2003: na 
Sox 1990: categorical variable describing the absence/ presence of risk factors, no definition provided, 
reported by patient 

 History of diabetes (diabetes mellitus) 
Buntinx 1992: na 
Verdon 2008: na 
Bösner 2010: categorical variable describing the absence/ presence of risk factors, no definition provided, 
reported by GP 
Nilsson 2003: na 
Sox 1990: categorical variable describing the absence/ presence of risk factors, no definition provided, 
reported by patient 

 Family history of myocardial infarction 
Buntinx 1992: categorical (4) variable describing family history 
Verdon 2008: na 
Bösner 2010: categorical variable describing the absence/ presence of risk factors, no definition provided, 
reported by GP 
Nilsson 2003: na 
Sox 1990: categorical variable describing the absence/ presence of risk factors, no definition provided, 



reported by patient 
 History of hypertension 

Buntinx 1992: na 
Verdon 2008: na 
Bösner 2010: categorical variable describing the absence/ presence of risk factors, no definition provided, 
reported by GP 
Nilsson 2003: na 
Sox 1990: categorical variable describing the absence/ presence of risk factors, no definition provided, 
reported by patient 

 Smoking 
Buntinx 1992: dichotomous variable, no definition provided 
Verdon 2008:na 
Bösner 2010: categorical variable describing the absence/ presence of risk factors, no definition provided, 
reported by GP 
Nilsson 2003: na 
Sox 1990: dichotomous variable, no definition provided 

  
 History of myocardial infarction 

Buntinx 1992: na 
Verdon 2008: free text field asking for known conditions 
Bösner 2010: na 
Nilsson 2003: na Sox 1990: categorical variable describing the known conditions, no definition provided, 
reported by patient 

 History of known CAD 
Buntinx 1992: na 
Verdon 2008: free text field asking for up to 3 known conditions 
Bösner 2010: categorical variable describing the known conditions, no definition provided, reported by GP 
Nilsson 2003: na 
Sox 1990: categorical variable describing the known conditions, no definition provided, reported by patient 
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Supplement 3: Equation for logistic regression using study-specific intercept and study-
specific indicators. 
 
The logistic regression model with study-specific intercepts and study-specific indicators is 
defined as:

         

ki
1

0 I*))1(( ¦
 

�  
P

k
kijkiij XYPLogit EE    i=1,2,…,5;  j=1,2,…,ni, (1) 

 
where      is the outcome variable for patient j  in study i  (0 indicates that CAD is absent; 1 that 
CAD is present in that individual),      represents the kth covariate for patient j in study i,     
(i=1,2,…,5) is the study-specific intercept for the ith study,   is the coefficient for the 
covariate/predictor Xk,     is the study indicator for the kth covariate (1 if the variable is available 
in individual study i, or 0 if the variable is not available in individual study i),  P is the total 
number of all candidate predictors across studies, and     is the number of patients in study i. As 
we have only five studies, we used a fixed effects model rather than a random effects model, for 
which 10 studies or more would be typically needed.  
 
We combined all predictors that were statistically significant (α ≤ 0.05) into one linear score to be 
used for classifying patients for CAD 

 
Score =  k

 
Xk

k=1

P

 *Ik
 
     (2) 

where Xk represents the kth predictor-value for the patient,  Ik is the data availability-indicator for 

the kth predictor (1 if the predictor is available, or 0 if the predictor is not available), is the 
estimated coefficient for the predictor Xk,, P is the number of predictors. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

�
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Supplement 4: Results of the cross validation 
In order to do an internal validation, we used a 3-fold cross-validation approach. The whole 
sample was randomly partitioned in three sets (1, 2 and 3). Then we iterated three times the 
following procedure: 

1. Take one of the sets as test sample, the other two as learning sample 
2. Using the learning sample, refit the full model, and simplify it gradually to a simplified 

model with the 6 most important predictors, and associated further simplified clinical tool 
(with all coefficients rounded to 1 or -1). 

3. For each of the simplified models (with original and rounded coefficients), measure 
sensitivity, specificity etc. using the test sample. So the model built with the learning 
sample is then tested with another test sample. 

 
Supplement Table 2: Regression coefficients and standard errors obtained from the IPD meta-analysis 
for each cross-validation. 

Note that the results of the cross-validation showed that the respective models had similar 
predictors and the predictors had similar coefficients. 

Parameter Cross-validation I Cross-validation II Cross-validation III 
Intercept Sox 1990 

Buntinx 1993 
Nilsson 2003 
Verdon 2008 
Bösner 2010 

-4.857 (1.057)** 
-3.972 (0.727)** 
-3.900 (0.415)** 
-4.049 (0.411)** 
-5.269 (0.466)** 

-4.882 (1.381)** 
-3.960 (0.808)** 
-3.561 (0.377)** 
-3.918 (0.392)** 
-4.991 (0.416)** 

-4.723 (1.034)** 
-4.319 (0.782)** 
-3.547 (0.361)** 
-4.169 (0.402)** 
-5.227 (0.442)** 

Age 1.401 (0.195)** 1.507 (0.193)** 1.431 (0.190)** 

Male sex 0.226 (0.177) 0.179 (0.172) 0.460 (0.173)** 

Emergency visit -0.024 (0.234) -0.268 (0.247) -0.276 (0.239) 
History of CP 0.503 (0.306) 0.663 (0.303)** 0.146 (0.316) 
PCP initially suspected a serious condition 1.300 (0.232)** 1.141 (0.226)** 1.520 (0.232)** 
Patient assumed CP was related to heart 1.407 (0.324)** 1.002 (0.280)** 1.045 (0.279)** 
Retrosternal CP 0.480 (0.215)** 0.034 (0.207) 0.237 (0.212) 
Radiation to neck, jaw 0.733 (0.338)** 0.410 (0.366) 0.710 (0.363)* 
Stabbing CP -0.577 (0.259)** -0.266 (0.252) -0.445 (0.261)* 
CP feels like “pressure” 0.289 (0.216) 0.878 (0.211)** 0.747 (0.221)** 
CP related to effort 1.390 (0.205)** 1.174 (0.204)** 1.081 (0.206)** 
Nausea -0.579 (0.412) 0.125 (0.396) 0.162 (0.383) 
Sputum -0.696 (1.136) -1.096 (1.366) -0.524 (1.125) 
Abnormal findings (pulmonary auscultation) -0.668 (0.661) -0.513 (0.806) -0.178 (0.612) 
Abnormal findings (cardiac auscultation) 0.897 (0.938) 0.763 (1.492) 0.639 (1.181) 
Pain reproducible by palpation -1.330 (0.284)** -1.827 (0.303)** -1.474 (0.299)** 
History of hypertension 0.401 (0.280) 0.335 (0.248) 0.333 (0.255) 
History of smoking 0.765 (0.306)** 0.800 (0.330)** 0.316 (0.313) 
History of CAD 1.578 (0.274)** 1.822 (0.261)** 1.863 (0.270)** 
CP: chest pain, PCP: primary care physician, CAD: coronary artery disease. 
** The variable was significant predictor at 5% level of significance (p-value < 0.05) within the model of the respective 
cross-validation 
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Supplement Table 3: Discriminatory power for chest pain rules and each cross validation. 
Note, that all 3 cross validation procedures resulted in the same simplified diagnostic model 
(model II) with comparable discriminative power. 

Chest pain rule Cross-validation I Cross-validation II Cross-validation III 
 
 
 
 
 
 
I 

 
Predictors 
 

Age 
PCP initially suspected a 
serious condition 
Patient assumed CP was 
related to heart 
Retrosternal CP 
Radiation to neck, jaw 
Stabbing CP 
CP related to effort 
Pain reproducible by 
palpation 
History of smoking 
History of CAD 

Age 
History of CP 
PCP initially suspected a 
serious condition 
Patient assumed CP was 
related to heart 
CP feels like “pressure” 
CP related to effort 
Pain reproducible by 
palpation 
History of smoking 
History of CAD 

Age 
Male sex 
PCP initially suspected a 
serious condition 
Patient assumed CP was 
related to heart 
CP feels like “pressure” 
CP related to effort 
Pain reproducible by 
palpation 
History of CAD 
 

AUC 0.87 0.89 0.87 
 
 
 
 

II 

Predictors 
 

Age 
PCP initially suspected a 
serious condition 
CP feels like “pressure” 
CP related to effort 
Pain reproducible by 
palpation 
History of CAD 

Age 
PCP initially suspected a 
serious condition CP feels 
like “pressure” 
CP related to effort 
Pain reproducible by 
palpation 
History of CAD 

Age 
PCP initially suspected a 
serious condition CP feels 
like “pressure” 
CP related to effort 
Pain reproducible by 
palpation 
History of CAD 

AUC 0.85 0.86 0.85 
 

 
 
 

III 

Predictors 
 

Age 
PCP initially suspected a 
serious condition CP feels 
like “pressure” 
CP related to effort 
Pain reproducible by 
palpation 
History of CAD 

Age 
PCP initially suspected a 
serious condition CP feels 
like “pressure” 
CP related to effort 
Pain reproducible by 
palpation 
History of CAD 

Age 
PCP initially suspected a 
serious condition CP feels 
like “pressure” 
CP related to effort 
Pain reproducible by 
palpation 
History of CAD 

AUC 0.83 0.85 0.84 
CP: chest pain, PCP: primary care physician, CAD: coronary artery disease, AUC: area under the curve. 
Chest pain rule I included all predictors which were significant at α level =0.05. Predictors were weighted according to 
the coefficient estimates. 
Chest pain rule II: Rule I was simplified by stepwise exclusion of the least significant predictor unless only six 
predictors remained. 

Chest pain rule: Variables were the same like in rule II, but predictors were equally weighted (1 if  > 0 and -1 if 

 < 0) 

 

 

 

�

kE
�

kE
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Supplement Table 4: Parameter estimates for a simplified chest pain rule (rule II) with only 
6 predictors for each cross validation. 
Note, that parameter estimates for the regression coefficients were similar across cross-validation 
procedures. 

 Cross-validation 1 Cross-validation 2 Cross-validation 3 
Intercept Sox 1990 

Buntinx 1993 
Nilsson 2003 
Verdon 2008 
Bösner 2010 

-3.869 (0.324)** 
-3.906 (0.351)** 
-2.729 (0.205)** 
-3.645 (0.285)** 
-3.858 (0.251)** 

-3.971 (0.329)** 
-3.881 (0.345)** 
-2.955 (0.218)** 
-3.694 (0.278)** 
-4.042 (0.257)** 

-3.991 (0.326)** 
-4.090 (0.370) ** 
-2.755 (0.204) ** 
-3.929 (0.296) ** 
-4.080 (0.268) ** 

Age 1.519 (0.181)** 1.591 (0.183)** 1.550 (0.181)** 
PCP initially suspected a serious 
condition 1.371 (0.217)** 1.155 (0.216)** 1.547 (0.221)** 

CP feels like “pressure” 0.635 (0.191)** 1.003 (0.194)** 0.892 (0.201)** 
CP related to effort 1.399 (0.188)** 1.253 (0.197)** 1.102 (0.193)** 
Pain reproducible by palpation -1.560 (0.258)** -1.904 (0.276)** -1.629 (0.274)** 
History of CAD 1.466 (0.254)** 1.799 (0.245)** 1.882 (0.249)** 
CP: chest pain, PCP: primary care physician, CAD: coronary artery disease. 
** p-value < 0.001 
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Supplement 5: Results of the sensitivity analysis testing the rule in patients with acute and 
non-acute pain. 
 
Supplement Table 5: Likelihood ratios for individual predictors of the CPR separately in 
patients with acute and non-acute pain.  
The definition of acute pain was based on the time since the initial onset of pain (onset of chest 
pain≤24h versus onset of chest pain>24h). This variable was available in 4 studies (Sox 1990, 
Buntinx 1992, Nilsson 2003, and Bösner 2010) In Verdon 2008 this variable was not available 
and the determination of ‘acute’ was based on whether the visit was considered to be an 
emergency. 
 
Variable ‘Higher age’ was derived from patient age and gender.  A patient who was male and less 
than 55 years old or was a female who was less than 65 years old was classified as younger; 
otherwise the patient was classified as older.  The defining data were collected in all studies.  An 
older patient adds +1 to the rule score. 
Variable ‘PCP initially suspected a serious condition’ was collected in studies Verdon 2008, 
Buntinx 1992 and Bösner 2010.  A positive response adds +1 to the rule score. 
Variable ‘CP feels like “pressure”’ was collected in studies 1, 2, 4 and 5.  A positive response 
adds +1 to the rule score. 
Variable ‘CP related to effort’ was collected in studies Verdon 2008, Buntinx 1992, Sox 1990 and 
Bösner 2010.  A positive response adds +1 to the rule score. 
Variable ‘Pain reproducible by palpation’ was collected in studies 1, 2, 4 and 5.  A positive 
response reduces the rule score by -1. 
Variable ‘History of CAD’ was collected in studies Sox 1990 and Bösner 2010.  A positive response 
adds +1 to the rule score. 
 
Predictor Acute pain Non-acute pain 
 N LR+(95% CI) N LR+(95% CI) 

Higher age* 716 2.23 (1.89 to 2.65) 2372 2.34 (2.15 to 2.54) 

PCP initially suspected 
a serious condition 

440 2.50 (1.99 to 3.14) 1691 
 

3.84 (3.10 to 4.76) 

CP feels like “pressure” 577 
 

1.63 (1.38 to 1.92) 1972 
 

1.75 (1.60 to 1.92) 

CP related to effort 573 
 

2.12 (1.53 to 2.93) 1957 
 

2.42 (2.07 to 2.83) 

Pain reproducible by 
palpation 

549 
 

0.27 (0.15 to 0.50) 1775 
 

0.21 (0.14 to 0.31) 

History of CAD 289 
 

2.80 (1.93 to 4.07) 1285 
 

6.09 (4.67 to 7.94) 

*: male ≥ 55, female ≥65. 
LR+: Likelihood ratio, if symptom or sign is present. 
CP= chest pain 
CAD=coronary artery disease 
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Supplement Table 6: Area under the curve (AUC) and respective 95% confidence interval 
(95% CI) for the five imputed data sets derived from Bösner et al. 2010.6 
 

 Acute pain Non-acute pain  

Imputation n  AUC  95% CI  n AUC 95% CI P* 

1 169 .792 0.711 - 0.873 1069 .861 0.833 - 0.890 0.116 

2 171 .786 0.706 - 0.867 1067 .867 0.838 - 0.896 0.067 

3 169 .792 0.712 - 0.873 1069 .868 0.841 - 0.868 0.081 

4 168 .795 0.715 - 0.875 1070 .871 0.844 - 0.899 0.078 

5 170 .799 0.724 - 0.8734 1068 .867 0.838 - 0.896 0.097 

* DeLong's test that two ROC curves differ. 

 
 
  



 17 

Supplement Figure 2: ROC graph for the third imputed data set (denoted by bold-faced type 
in table 6) derived from the study Bösner et al. 2010.6  
This study collected data on all six of the parameters appearing in the final rule. The third data set 
is the one with the median p value (see table 7). The study population included 169 patients with 
acute pain and 1069 with non-acute pain. The bold face curve indicates patients with acute pain. 
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Supplement 6: Sensitivity analysis to measure effect of deleting the variable “physician is 
concerned that chest pain is serious” 

 
The variable “physician is concerned that chest pain is serious” was one predictor in the final 

rule. Three studies gathered data on this variable. In the German study, the wording was “I do not like 
the picture of the patient.” Of course, it is a metaphor. It means that the initial, more general impression 
of the patient hints towards a serious underlying condition. In the Belgian and the Swiss study, study 
physicians were ask for their initial total, general impression (“serious” or “not serious”).  

A reviewer expressed concern about the use of the predictor ‘GP concern’ in the rules, so we 
explored the importance of that predictor to the final rule by comparing the sensitivity, specificity, and 
AUC for chest pain rules that differed only by the deletion of the variable “GP concern.”  Table 3 of the 
article lists the coefficients for the 3 rules as well as the AUC for each rule.   

We used the primary data file that had all 5 within-study imputations for the 5 studies (the same 
one as was used for Table 3) and calculated chest-pain scores for each person in each data set using the 
coefficients for each of the rules as defined in Table 3.  Using a statistical package in R (pROC*) we 
derived AUCs for each rule to test their agreement with those in Table 3. If the agreement was 
reasonably close, we would repeat the process using a rule which does not use ‘GP concern’ and 
calculate the sensitivity, specificity of the rule with several cut-points and its AUC.  We selected 
imputation 3 as the data to use in this first analysis.  For each chest pain rule, we used data from the 
study groups that had routinely collected all the predictors of the rule.  

 
Study ID Country Author year   N 
   1 CH Verdon 2008  644  
   2 Belgium Buntinx 1992  299  
   3 Sweden Nilsson 2003  523  
   4 USA Sox 1990  395  
   5 Germany Bösner 2010 1238  
 
In the description of the results, “cases” are participants with a CAD final diagnosis and “controls” are 
participants with a non-CAD final diagnosis.  The following 3 sets of results compare the AUCs for the 3 
chest pain rules as calculated for Table 3 of the article with their counterparts using the pROC package.  
 
Chest pain rule I using data from Study ID 5  
cases   =  180, controls = 1058  
Area under the curve (by pROC): 0.879;   95% CI: 0.8537-0.9038 (DeLong) 
AUC from Table 3: 0.87, which is within the 95% CI by pROC 
 
Chest pain rule II using data from Study IDs 1&5  
cases  =  265, controls = 1617  
Area under the curve (by pROC): 0.880; 95% CI: 0.8579-0.9011 (DeLong) 
AUC from Table 3: 0.85, which is within the 95% CI by pROC 
 
Chest pain rule III using data from Study IDs 1&5  
cases  =  265, controls = 1617  
Area under the curve (by pROC): 0.877;  95% CI: 0.856-0.8977 (DeLong) 
AUC from Table 3: 0.85, which is not within the 95% CI by pROC 
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Since the AUCs calculated by pROC and by the method used for Table 3 were similar, we used 
pROC to measure the effect of eliminating the predictor ‘GPs concern’ from rule III, using each of the 5 
imputations and 3 different thresholds for the calculation of sensitivity and specificity.  The results from 
the 5 imputations were quite similar (tables at the end of this note), so we used imputation 3 for the 
next table, which summarizes results from pROC runs on 4 rules looking only at imputation 3 and 
threshold <2.  The replacement predictors “rad_neck” (pain radiates to the neck) and “chest pain is 
‘stabbing’” were the next best predictors available in Study IDs 1&5. 
Supplement Table 7: accuracy of several variants on Rule III   
 
    Likelihood Ratio 
Chest pain rule III AUC Sensitivity Specificity Positive Negative 

 
 Rule includes 'GP concern'  0.877 0.84 0.77 3.67 0.21 
 Rule does not include 'GP concern' 0.867 0.76 0.82 4.19 0.29 

 Replace 'GP concern' with 'rad_neck' 
         (with coefficient = +1) 

0.866 0.77 0.81 4.04 0.28 

 Replace 'GP concern' with' stabbing' 
         (with coefficient = -1) 

0.855 0.92 0.58 2.20 0.14 

 
Interpretation: Dropping 'GP concern' has little or no effect on discrimination (AUC or Area Under the 
Curve) but lowers the sensitivity and increases the specificity of the rule.   
 
 
*Xavier Robin, Natacha Turck, Alexandre Hainard, Natalia Tiberti, Frédérique Lisacek, Jean-Charles 
Sanchez and Markus Müller (2011). “pROC: an open-source package for R and S+ to analyze and compare 
ROC curves”. BMC Bioinformatics, 12, p. 77. DOI: 10.1186/1471-2105-12-77 
 
Discussion: 
Whether to keep or drop the variable "Physician initially suspected a serious condition" presents an 
interesting problem that decision theory can help to answer. 
Keeping the variable "Physician initially suspected a serious condition" results in a higher sensitivity of 
the rule (using a prediction score cut-point of <2) but the specificity is lower.  From decision theory, one 
should operate on the flat part of the receiver operating characteristic curve (ROC curve) when disease 
prevalence is high, which means high sensitivity at the cost of lower specificity. Therefore, one should 
keep the variable "Physician initially suspected a serious condition" in a population with a relatively high 
prevalence of CAD. 
 
When the population has a low prevalence of CAD, decision theory says that one should operate on the 
steep part of the receiver operating characteristic curve (close to the origin on the ROC curve), which 
means high specificity at the cost of low sensitivity. Therefore, one should drop the variable when the 
prevalence of CAD in the clinical population is relatively low. 

 

Of course, other factors may enter in to the decision, such as the experience of the clinicians evaluating 
the patient, placing more reliance on the variable when experienced clinicians are caring for the patient. 
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The following tables use data from Study IDs 1&5;  cases  =  265, controls = 1617  
 
Supplement Table 8: Accuracy of Rule iii with and without the variable “GP concern” as tested in each 
imputed data set 
 
Imputation 1 - Chest pain rule III 
 
 

 With 'GPs concern' Without 'GPs concern' 

 AUC=0.873 AUC=0.862 

 95% CI=0.851 - 0.894 95% CI=0.840 - 0.884 

  Likelihood Ratio  Likelihood Ratio 
Threshold Sensitivity Specificity Positive Negative Sensitivity Specificity Positive Negative 

<1 0.98 0.44 1.75 0.04 0.97 0.47 1.84 0.06 

<2 0.83 0.77 3.54 0.23 0.74 0.82 4.09 0.31 

<3 0.60 0.93 8.02 0.43 0.42 0.95 8.57 0.61 

 
Imputation 2 - Chest pain rule III 

 With 'GPs concern' Without 'GPs concern' 

 AUC=0.876 AUC=0.864 

 95% CI=0.855 - 0.897 95% CI=0.843 - 0.886 

  Likelihood Ratio  Likelihood Ratio 
Threshold Sensitivity Specificity Positive Negative Sensitivity Specificity Positive Negative 

<1 0.98 0.44 1.74 0.05 0.97 0.47 1.83 0.07 

<2 0.84 0.76 3.58 0.21 0.76 0.82 4.10 0.30 

<3 0.61 0.93 8.19 0.42 0.43 0.95 8.73 0.60 

 
Imputation 3 Chest pain rule III 

 With 'GPs concern' Without 'GPs concern' 

 AUC=0.877 AUC=0.867 

 95% CI=0.856 - 0.898 95% CI=0.846 - 0.888 

  Likelihood Ratio  Likelihood Ratio 
Threshold Sensitivity Specificity Positive Negative Sensitivity Specificity Positive Negative 
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<1 0.98 0.44 1.74 0.04 0.97 0.47 1.85 0.06 

<2 0.84 0.77 3.67 0.21 0.76 0.82 4.19 0.29 

<3 0.60 0.93 8.38 0.43 0.42 0.95 9.19 0.61 

  
Imputation 4 Chest pain rule III 

 With 'GPs concern' Without 'GPs concern' 

 AUC=0.879 AUC=0.869 

 95% CI=0.858 - 0.899 95% CI=0.848 - 0.890 

  Likelihood Ratio  Likelihood Ratio 
Threshold Sensitivity Specificity Positive Negative Sensitivity Specificity Positive Negative 

<1 0.98 0.45 1.77 0.04 0.97 0.48 1.86 0.06 

<2 0.85 0.77 3.63 0.20 0.76 0.82 4.16 0.29 

<3 0.60 0.93 8.02 0.43 0.43 0.95 8.95 0.60 

 
 Imputation 5 Chest pain rule III 

 With 'GPs concern' Without 'GPs concern' 

 AUC=0.877 AUC=0.866 

 95% CI=0.855 - 0.898 95% CI=0.844 - 0.887 

  Likelihood Ratio  Likelihood Ratio 
Threshold Sensitivity Specificity Positive Negative Sensitivity Specificity Positive Negative 

<1 0.98 0.44 1.74 0.05 0.97 0.48 1.84 0.07 

<2 0.85 0.76 3.60 0.20 0.76 0.82 4.20 0.29 

<3 0.60 0.93 8.53 0.43 0.41 0.96 9.24 0.62 
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Supplement Table 9: Log of reasons for exclusion (studies being excluded after assessing 

full texts) 

Publication Reason for exclusion 
Abdul-Ghaffar 2010 7 Not office-based primary care (patients were recruited in 

hospital),  retrospective study based on routine data 
Adelman 1998 8 Not office-based primary care 
Allen 2010 9 Study did not recruit patients presenting with chest pain (study 

recruited physicians not patients), conference paper  
Barker 1987 10 No original research article, narrative review 
Beltrame 2009 11 Study did not recruit patients presenting with chest pain, series 

of selected patients 
Blacklay 1968 12 Retrospective study based on routine data , series of selected 

patients (patients who received an ECG)  
Blacklock 1977 13 Retrospective study based on routine data 
Braun 1988 14 Series of selected patients (patients with unspecific chest pain 

were included), no reference diagnosis of CAD reported  (only 
the initial, clinical diagnosis established by the GP was 
provide), retrospective study based on routine data 

Bruyninckx 2008 15 Series of selected patients , no reference diagnosis of CAD 
reported (reference diagnosis of CAD was only reported in a 
selected sub sample (referrals)) 

Bruyninckx 2009 16 Series of selected patients , no reference diagnosis of CAD 
reported (reference diagnosis of CAD was only reported in a 
selected sub sample (referrals)) 

Bruyninckx 2010 17 Prognostic study, no reference diagnosis of CAD reported 
Buescher 2001 18 Not office-based primary care, selective series of patients 
Cabane 1996 19 Study did not recruit patients presenting with chest pain, no 

reference diagnosis of CAD reported, series of selected patients 
(RCT to compare lysine acetylsalicylate and paracetamol in 
patients presenting with pain) 

Cheng 1997 No original research article, narrative review 
Croft 2003 20 Study did not recruit patients presenting with chest pain, 

retrospective study based on routine data, series of selected 
patients 

Dodani 1998 21 No original research article, narrative review 
Favero 2003 22 Series of selected patients (only patients in whom the GP 

assumed a cardiac origin were included) 
Fink 2010 23 Study did not recruit patients presenting with chest pain, no 
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reference diagnosis of CAD reported 
Fry 1988 24 No original research article, narrative review 
Gill 1999 25 Study did not recruit patients presenting with chest pain, 

retrospective study using routine data, series of selected patients 
(patients with angina and suspected angina were recruited) 

Gold 1982 26 Retrospective study using routine data, no reference diagnosis 
of CAD reported (the study investigated the occurrence and 
management of six different symptoms) 

Grijseels 1996 27 Series of selected patients (patients referred to hospital) 
Hobkirk 1985 28 Series of selected patients (patients were recruited based on the 

diagnosis of angina pectoris) 
Jelinek 2009 29 No original research article, narrative review 
Katerndahl 1997 30 No reference diagnosis of CAD reported 
Klinkman 1994 31 No raw data available (primary investigator was approached 

several times without success) 
Lindbloom 1998 32 Not office-based primary care , Study did not recruit patients 

presenting with chest pain, series of selected patients (referred 
for stress echocardiography testing) 

Major 1957 33 Full text not available 
Malla 1987 34 No reference diagnosis of CAD reported (study investigated the 

prevalence of alcoholism in patients presenting with different 
symptoms in primary care)  

Mantani 2002 35 No reference diagnosis of CAD reported, (study investigated 
reasons for consultation, chief symptoms, and referrals to 
specialized departments). 
Full text only in Japanese available, assessment was based on 
abstract. 

Martina 1997 36 Not office-based primary care (patients were recruited in ED of 
the hospital, 20% were patients referred by GPs),  no reference 
diagnosis of CAD reported 

Molinari 2002 37 Series of selected patients (patients with symptoms suggestive 
of coronary events), no reference diagnosis of CAD provided 

  
Moll van Charante 2006 
38 

Not office-based primary care 

Morris 1992 39 Study did not recruit patients presenting with chest pain (study 
investigated the prevalence of different symptoms (e.g. chest 
pain by exertion using the Rose questionnaire) in a general 
population) 

Mueller 2010 40 Study did not recruit patients presenting with chest pain, no 
reference diagnosis of CAD reported (study investigated the 
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prevalence of health problems uncovered by a standardized 
assessment for elderly patients) 

Murtagh 1995 41 No original research article, narrative review 
Pacy 1982 42 Series of selected patients (only patients assessed as emergency 

cases were recruited) 
Poole 1980 43 Chest pain not reason for encounter (patients recruited 

physicians, not patients) 
Research Committee, 
Royal College of 
General Practitioners 
1982 44 

Study did not recruit patients presenting with chest pain 
(patients were recruited based on the diagnosis of angina 
pectoris) 

Richards 2000 45 Chest pain not reason for encounter, not office-based primary 
care (population-based study, reference diagnosis based on the 
Rose angina questionnaire 

Rosser 1990 46 No raw data available according to primary investigator 
Rosser 1991 47 No raw data available according to primary investigator 
Rowe 1985 48 No original research article, narrative review 
Ruigomez 2006 49 Retrospective study based on routine data, series of selected 

patients (only patients with chest pain of unspecified type or origin 
were recruited) 

Sakurai 1998 50 Series of selected patients (patients who were diagnosed as 
having myocardial infarction (MI), angina pectoris (AP), 
asymptomatic IHD, or acute cardiac death were enrolled) 

Schmidt 1984 51 No reference diagnosis of CAD reported (only the GP’s initial 
clinical diagnosis during consultation)  

Shiels 2004 52 Study did not recruit patients presenting with chest pain, no 
reference diagnosis of CAD reported 

Smith 200353 Study did not recruit patients presenting with chest pain 
Stewart 2003 54 Series of selected patients (patients with angina pectoris), 

routine data 
Sulke 1991 55 Study did not recruit patients presenting with chest pain, no 

reference diagnosis of CAD reported (study investigated the use 
and interpretation of exercise electrocardiography) 

Svavarsdottir 1996 56 Retrospective study based on routine data 
Tafalla 2010 57 Study did not recruit patients presenting with chest pain, series 

of selected patients 
Taylor 2010 58 No original research article, narrative review 
Torbal 2004 59 Series of selected patients (patients with chest pain suggestive 

of acute coronary syndrome who were referred to hospital) 
Van der Does 1980 60 No reference diagnosis of CAD reported (diagnostic outcome 
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was myocardial infarction), no raw data available according to 
primary investigator 

Wannamethee 2000 61 Chest pain not reason for encounter, not office-based primary 
care (population-based study) 

Wingard 1989 62 Not office-based primary care, study did not recruit patients 
presenting with chest pain (patients were not recruited 
according to a presenting symptom)  

Yelland 2001 63 Chest pain was not the only reason for encounter, selective 
series of patients (referrals) 
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