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Abstract

Background: Chronic obstructive pulmonary disease (COPD) is associated with increased mortality and poor
health-related quality of life (HRQol) compared with the general population. The objective of this study was to
identify clinical characteristics which predict mortality and very poor HRQol among the COPD population and to
develop a Bayesian prediction model.

Methods: The data consisted of 738 patients with COPD who had visited the Pulmonary Clinic of the Helsinki and
Turku University Hospitals during 1995-2006. The data set contained 49 potential predictor variables and two
outcome variables: survival (dead/alive) and HRQol measured with a 15D instrument (very poor HRQoL < 0.70 vs.
typical HRQoL = 0.70).

In the first phase of model validation we randomly divided the material into a training set (n = 538), and a test set
(n = 200). This procedure was repeated ten times in random fashion to obtain independently created training sets
and corresponding test sets. Modeling was performed by using the training set, and each model was tested by
using the corresponding test set, repeated in each training set. In the second phase the final model was created by
using the total material and eighteen most predictive variables. The performance of six logistic regressions
approaches were shown for comparison purposes.

Results: In the final model, the following variables were associated with mortality or very poor HRQol: age at
onset, cerebrovascular disease, diabetes, alcohol abuse, cancer, psychiatric disease, body mass index, Forced
Expiratory Volume (FEV;) % of predicted, atrial fibrillation, and prolonged QT time in ECG. The prediction accuracy
of the model was 77%, sensitivity 0.30, specificity 0.95, positive predictive value 0.68, negative predictive value 0.78,
and area under the ROC curve 0.69. While the sensitivity of the model reminded limited, good specificity, moderate
accuracy, comparable or better performance in classification and better performance in variable selection and data
usage in comparison to the logistic regression approaches, and positive and negative predictive values indicate that
the model has potential in predicting mortality and very poor HRQoL in COPD patients.

Conclusion: We developed a Bayesian prediction model which is potentially useful in predicting mortality and very
poor HRQoL in patients with COPD.
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Background

Due to its ever increasing prevalence, chronic obstruc-
tive pulmonary disease (COPD) has become a global
health priority and a significant burden on the health
care system. With worldwide prevalence of 8-20%, de-
pending on which definition is used [1], it has been esti-
mated that COPD will be the third leading cause of
death by 2020 [2]. The principal goals of management of
COPD are to reduce symptoms, prevent exacerbations,
and maintain the patient’s physical and emotional cap-
abilities, and thereby improve the patient’s health-related
quality of life (HRQoL).

Assessment of HRQoL could be an important tool
in the management and monitoring of COPD due to
chronic, non-curable, and usually progressive nature of
the disease. So far, there is no single ‘state-of-the-art’ ap-
proach. We have previously validated two questionnaires
on COPD: the disease-specific AQ20 focusing solely on
respiratory health and 15D which has a generic approach
[3,4]. We found that the compliance rates and measure-
ment properties of both questionnaires were to a large
extent comparable and thus, either of them could easily
be used in clinical practice to monitor potential progres-
sion of the disease.

In clinical trials, the underlying diseases are often ex-
cluded, the severity staging of COPD is often limited,
and female patients under represented. In real world,
however, the severity of COPD varies considerably, sev-
eral phenotypes are recognized [5], and COPD is often
associated with a wide variety of co-morbidities which
might be of extreme importance for the patient’s well-
being and prognosis [6]. There is growing evidence that
the disease phenotype differs between genders [7-11]
and women often report lower HRQoL than men [12].

Several recently published articles have concentra-
ted on predictive factors of COPD mortality [13-16], or
hospitalization [17], or both [18]. Tsimogianni et al.
(2009) [19] studied predictive factors for length of stay
in a hospital and 3-year mortality. The following factors
have been found to be associated with mortality risk:
St George’s respiratory questionnaire total score, the
mental and physical components of the SF-36 HRQoL
scale [13], depressive symptoms [14], smoking [15], co-
morbidity [15], age and inspiratory capacity [16] and
PaO, [15,16], low forced expiratory volume in 1 s (FEV,)
[16], and increased body mass index [16,19]. Older age,
FEV4 of predicted, emergency room visits for COPD
during the previous year, cardiovascular co-morbidity,
and prednisone use at the baseline were associated with
a greater risk of hospitalization [17]. Scoring on the
Medical Research Council chronic dyspnea scale has
been proved to be predictive of length of stay in a hos-
pital [19]. These predictions have mostly been made
using regression methods.
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Recently, Himes et al. (2009) [20] used Bayesian mo-
dels to predict the development of COPD in asthma
patients, finding age, sex, ethnic background, smoking
history, and eight co-morbidities to predict the develop-
ment of COPD. The prediction accuracy was excellent:
the area under the ROC curve was 0.83. The strongest
predictor of COPD was age.

The aim of this study was to develop a naive Bayesian
classification (NBC) merger model (NBCMM) by which
we could identify the risk factors for mortality and
very poor HRQoL in a large real world COPD patient
cohort. We included to the model the most essential
lung function measurements, patients’ health behavior,
and common co-existing chronic diseases in the pa-
tient profile.

Methods

Subjects

Hospital Discharge Registries were used to identify all
patients with COPD who had visited the Pulmonary
Clinics of the Helsinki and Turku University Hospitals
(some 700 000 inhabitants live in the area) during the
years 1995-2006. The databases were screened by
ICD10 code J44.8 and contained all patients between 18
to 75 years of age. All identified patients were invited to
the study without further selection. The recruitment was
done through a two-phase mailing campaign, through
which altogether 844 patients participated to the study.
The overall response rate was 27%. The research visits
occurred during the years 2005-2007. All the partici-
pants gave their informed consent which allowed the re-
search consortium to collect, merge, and analyze their
comprehensive medical history from all the healthcare
providers who had treated them during the past 5-10
years and agreed to continue their follow-up on an an-
nual basis for the next 10 years.

All the hospitals, health care centres, and other out-
patient clinics that had treated the patients were con-
tacted to archive a complete, unbroken medical history
for each participant. The patients’ social security number
was used to combine the data from different sources.
Source data with personal identifiers was managed and
stored in the Clinical Research Centres administered by
the Helsinki and Turku University Central Hospitals.
From the medical records we identified the results of
flow-volume spirometry including bronchodilatation tests,
weight and height, ECGs at rest, and smoking status of
the patient, and arterial blood gas analysis results. The
most up-to-date results were used in the analysis. The ref-
erence values for FEV1 (forced expiratory volume in 1 sec-
ond) and FVC (forced vital capacity) used in Finnish
clinical practice are validated in large Finnish population
samples consisted of both genders and a wide range of age
group [21]. All the given diagnoses stated in the medical
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records were carefully evaluated, especially when the time
of onset and certainty of the diagnosis was determined.

In the data, category ‘coronary disease’ included the
patients who have had a myocardial infarct, acute coro-
nary syndrome, or angina pectoris diagnosed by an in-
ternist. ‘Cerebrovascular diseases’ included patients with
strokes and transient ischemic attacks diagnosed by a
neurologist. ‘Cardiovascular diseases’ consisted of pa-
tients having one of the following diseases: coronary,
cerebrovascular disease, or peripheral artery occlusive
disease. Category ‘diabetes’ includes patients with the
type 1 and 2 disease. Chronic alcoholism, alcohol use
disorder, and treatment of an alcohol use related dis-
order were all categorized as ‘alcohol abuse’. A wide
range of psychotic disorders and long lasting clinical de-
pression and anxiety with a need for regular medication
were categorized as ‘psychiatric disease’. Category ‘can-
cer’ included all malignant solid tumors and malignant
haematological diseases. Annual deaths were determined
from the national population registry.

The study approach was approved by the Coordinating
Ethics Committee of the Helsinki and Uusimaa Hospital
District and permission to conduct this research was
granted by the Helsinki and Turku University Hospitals.

Assessment of HRQoL and clinical measures

HRQoL was assessed using the self-administered generic
15D instrument [3]. All participants filled in during the
research visit without any guidance from the research
personnel. The 15D instrument can be used primarily as
a single index measure ranging from a minimum score
of 0 to a score of 1 for perfect health, but also as a pro-
file measure. It describes health status with mobility,
vision, hearing, breathing, sleeping, eating, speech, elim-
ination, usual activities, mental function, discomfort and
symptoms, depression, distress, vitality, and sexual activ-
ity. More generally, in most of the important properties
(reliability, validity, discriminatory power, and respon-
siveness) the 15D instrument compares at least equally
with other commonly-used preference-based generic
HRQoL instruments such as EQ-5D, SF-6D, and HUI3
[3,22,23].

To categorize the patients as having either lower (very
poor) or higher (typical) HRQoL, we used as the cut
off —point one standard deviation under the mean of the
total score. Thus, patients with the total score < 0.70
(N=175, 27%) in 15D were determined as having very
poor HRQoL. In a Finnish study using 15D in conse-
cutive patients in secondary care, 15D index 0.70 was
the mean result of patients who reported their general
health as "very poor" [24]. Rest of the patients formed
the group of typical HRQoL. In mortality model, all
cause deaths were analysed as the end point.
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Bayesian classification

PREQ, a web-based NBC, was used in the modeling.
PREQ is a Bayesian classifier which is able to use multi-
dimensional priors, e.g. separate priors for the outcome
variable in general and for the outcome variable accor-
ding to each predicting variable. NBCs have equaled
or outperformed logistic regressions, especially in small
data sets, in terms of prediction accuracy [25,26], vari-
able selection, and multiple performance measures [26].
Modeling of this data was done without informative a
priori information.

The precision of the model refers to its capability to
predict observations in the learning set precisely, and re-
liability refers to the model’s capability to predict obser-
vations in the test set or future data set which are not
included in model learning. There is a noted trade-off
between precision and reliability [26], and we searched
for a model with acceptable performance in both met-
rics. We assessed these with portioning [27], in which
the data set was divided into independent learning and
test sets.

In order to build a NBCMM with reasonable preci-
sion and reliability, we did 10 cross validation models
(portioning). In the first phase, we randomly divided
the material into a training set (n; = 538) and a test set
(ny = 200). This procedure was repeated nine times to
get 10 randomly created training sets and corresponding
test sets. Each training and test set contained one out-
come variable (HRQoL < 0.70 or dead/living with
HRQoL > 0.70) and 49 potential predictive variables, be-
ing both numerical and categorical variables. Only base-
line variables have been used for prediction.

A Bayesian classification was performed for each train-
ing set and the created model was tested by using the
corresponding test set (i.e., the test were performed with
patients not used in the model building). Thus, we ob-
tained 10 different predictive models for a NBCMM mo-
del, each tested both internally using the teach set and
externally using the test set.

To select the most predictive variables, only those va-
riables present in at least four training set models (likely
variables) were accepted into the final model building.
After this procedure, we had a set with one outcome
variable and 18 potential predictive variables. These vari-
ables were used to create a final NBCMM. The validity
of this NBCMMwas assessed using common leave-one
-out cross-validation (LOOCYV [24]).

We assessed the relationships between class variables
and predictors with posterior odds (PO), which equal
the product of the prior odds and the likelihood ratio,
and also estimated inversed probabilities, giving an idea
of the predictor’s strength. The POs were

PO = Ppc/Prrc
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Table 1 Comparison of the demographic and clinical characteristics of the COPD patients with very poor or typical
HRQoL measured with the generic 15D instrument

Characteristics Very poor HRQoL N = 152 Typical HRQoL N = 587 P value
Male gender, N (%)’ 93 (61.2) 377 (65.1) 04
Age, mean in years (+5D) * 63.6 (7.0) 64.1 (6.8) 03
Duration of COPD, mean in years (+SD) 2 6.4 (4.3) 53 (5.0) 0.002
Age at asthma onset, mean in years (+SD) 2 52.8 (7.3) 576 (7.3) 0.002
Age at COPD onset, mean in years (+SD) ° 576 (7.6) 584 (73) 0.2
Pack years, mean (+SD) 2 49 (19) 51 (20) 04
DLcCOVA % of predicted, mean (+SD) 2 74 (23) 77 (22) 03
Baseline spirometry 2
FEV,% of predicted 525 (21.0) 584 (18.0) <0.0001
FVC% of predicted 68.1 (19.0) 76.2 (17.6) <0.0001
FEV,/FVC of predicted, mean (+SD) 616 (15.7) 615 (134) 0.7
Spirometry after bronchodilatation 2
FEV,% of predicted 57.7 (20.3) 61.7 (16.8) 0.04
FVC% of predicted 715 (17.9) 79.1 (16.9) <0.0001
FEV,/FVC of predicted, mean (+SD) 64.3 (14.8) 629 (13.2) 0.2
Proportion (%) of patients at GOLD '

former stage 0: FEV,280% 1.2 9.5

stage 1: FEV,/FVC<70%, FEV,;280% 1.0 30

stage 2: FEV,/FVC<70%, 50%<FEV,<80% 245 404

stage 3: FEV;/FVC<70%, 30%<FEV;<50% 184 180

stage 4: FEV,/FVC<70%, FEV1<30% 9.2 43

stage undefined: FEV;/FVC270%, FEV;<80% 35.7 248 0.02
Proportion (%) of patients with home oxygen therapy 86 1.7 <0.0001
In severe COPD (FEV;<50% of predicted) 2
Arterial O, pressure, mean (+SD) 9.0 (1.5) 9.7 (14) 0.006
Arterial CO, pressure, mean (+SD) 55(09) 53(0.5) 04
Proportion (%) of deaths during follow-up' 99 55 0.05
HRQL scores, mean (+SD) ?
Airway-specific (range 20-0) 13.0 (3.6) 6.9 (4.5) <0.0001
Generic (range 0-1) 0.63 (0.06) 0.83 (0.07) <0.0001

Proportion (%) of patients '

Underweight BMI < 20 14 3.1

Normal weight BMI 20-25 336 412

Overweight BMI 25-30 536 50.1

Obese BMI > 30 14 56 0.04

Proportion (%) of patients with co-commitant '

Coronary disease 270 202 0.07
Cerebrovascular disease 125 6.2 0.009
Cardiovascular disease 375 256 0.004
Diabetes 25.7 124 <0.0001
Peripheral artery occlusive disease 39 4.7 0.7
Metabolic syndrome 329 19.0 0.001
Alcohol abuse 217 133 0.01
Psychiatric condition 178 83 0.001
Hypertension 46.7 390 0.09

'Chi-square test, 2Mann-Whitney U test.



Ryynéanen et al. BMC Medical Informatics and Decision Making 2013, 13:34

http://www.biomedcentral.com/1472-6947/13/34

In which Ppc represents the predicted class and Pypc
the non-predicted class. POs are not directly dependent
on data size, and they give an idea of the predictor’s
strength [24]. The credibility intervals (Crl) for accur-
acies and POs were estimated using the Jeffreys interval
[26,27]. Specificity, sensitivity, positive predictive value,
negative predictive value, and area under the ROC curve
were also established.

In addition, the classification performance of obtained
NBCMM was compared to the classification perform-
ance of common logistic regression (logit) models. Six
logit models were implemented in Stata v10: Logitl was
based on all variables included in the NBCMM (this
was comparable to the NBCMM in terms of included
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predictors), logit2 was based on variables which had at
least 80% of observations present, logit3 was based on
variables which had 100% of observations present (this
was comparable to the NBCMM in terms of number
of observations included), logit4 is based on forward
stepwise elimination with p-value 0.10 threshold for the
predictors, logit5 is based on backward stepwise elimin-
ation with p-value 0.10 threshold for the predictors (this
shows how well the greedy hill-descending predictor se-
lection [26] and NBCMM approach performed in com-
parison to the p-value selection), and logit6 is based on
manual one-by-one dropping of the predictor variable
with the poorest p-value until all logit predictors have a
p-value below 0.10.

Table 2 Predicting variables present in ten random sets and in the final model

Variable Definition of variable Model number
1 2 3 4 5 6 7 8 10 Final

Gender male/female v
Current smoking reported smoking yes/no v v
Year of onset of COPD numerical variable v v
Age at onset of COPD numerical variable v
Age at onset of asthma numerical variable v v
Duration of COPD numerical variable v v
Hypertension diagnosed hypertension with medication yes/no v v v
Cerebrovascular disease diagnosed cerebrovascular disease yes/no v v v v v
Peripheral artery occlusive disease  diagnosed peripheral artery occlusive disease yes/no v
Any cardiovascular disease diagnosed any cardiovascular disease yes/no v v v
Diabetes diagnosed diabetes yes/no v v v / v v v
Metabolic syndrome diagnosed metabolic syndrome yes/no v v v v
Hypercholesterolemia diagnosed hypercholesterolemia with medication yes/no v
Hypothryreosis diagnosed hypothyreosis with medication yes/no v v
Alcoholism diagnosed alcoholism yes/no v v v v Y v v v v
Cancer diagnosed cancer yes/no v v v v v v v
Atrial fibrillation diagnosed permanent atrial fibrillation yes/no v v v v v v
Psychiatric disease diagnosed any psychiatric disease yes/no v v v v v v v
Body mass index 1. BMI < 20 v v Y v

2. BMI 20-25

3. BMI 25.1 - 30

4. BMI > 30
Body mass index change numerical variable v v v
DLcCOVA % of predicted numerical variable v
RV 9% of predicted numerical variable v v
FVC baseline % of predicted numerical variable v v
FEV; at baseline % of predicted numerical variable v v v Y v
QRS axel in ECG numerical variable v
QTc duration in ECG numerical variable v v v / v v
QRS duration in ECG numerical variable v
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Table 3 Diagnostic values of ten random training sets compared to corresponding test sets

Training set number Sensitivity Specificity Diagnostic accuracy Positive predictive value Negative predictive value
1 234 954 785 61.1 80.2
2 15.6 94.8 77.0 46.7 79.5
3 217 935 77.0 50 80
4 16.7 96.1 770 57.1 785
5 30.2 87.8 72.5 47.1 77.7
6 121 96.5 720 583 729
7 154 926 725 421 75.7
8 42 974 750 333 763
9 411 854 730 523 789
10 144 88.1 67.0 32 72
mean 19.5 92.8 74.2 48 77.2
standard deviation 103 42 34 99 29

Results

Patient recruitment and selection

A total of 844 patients participated in the study. The
COPD diagnosis was re-evaluated. This evaluation led
to the exclusion of 105 patients (explained in detail in
previous study) [28]. Thus, a final cohort of 739 eligible
patients with smoking-related symptomatic chronic bron-
chitis was included in the modeling. Based on their retro-
spective medical records, the clinical and demographic
findings of participants are shown in Table 1 on average
5.5 years prior to the evaluation of their HRQoL by using
the 15D instrument (Table 1). According to the GOLD
criteria, a majority of the patients belonged to stages 2-3,
i.e. moderate to severe COPD. So far the cohort has been
monitored 1-3 years. After the first follow-up year a total
of 49 patients (4.0%) had deceased.

The following demographic and clinical variables were
recorded: age, gender, duration of the disease, body mass
index (BMI), current smoking status, package years, results
of the baseline and post-bronchodilatation spirometry and
single breath diffusing capacity corrected by hemoglo-
bin concentration and alveolar volume (DLcCOVA), ECG
trace, and common co-existing diseases (Table 2). The pre-
dictors of very poor HRQoL (15D total score <0.70) were
assessed using the 15D instrument. We also studied the
clinical predictors of all cause death during the follow-up
period.

In the first phase we constructed prediction models by
using the randomly selected training sets. These models
were separately compared with the corresponding test
sets. The diagnostic values of ten random training sets
compared with the corresponding test sets are presented
in Table 3. The proportion of subjects having very poor
HRQoL or who died varied between 25.8% — 30.5%
(mean 28.7%). The diagnostic values of these models, de-
rived from the accuracy and predictive values, were at a

good level, but the mean sensitivity of the model was
only 19.5%.

In the final model, the following variables were associ-
ated with mortality or very poor HRQoL: age at onset of
COPD, diagnosed cerebrovascular disease, diabetes, al-
cohol abuse, cancer, any psychiatric disease, body mass

Age at onset of Diagnosed
asthma cerebrovascular
disease
Diabetes

Died or very poor
HRQoL

\ Alcohol abuse

\Cer

Atrial fibrillation Body mass Any psychiatric
index disease
Corrected QT-time FEV, % of
below 378 ms in predicted in
ECG spirometry

Figure 1 Final NBC model for predicting death or living with

very poor health-related quality of life.
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index, FEV1% of predicted in spirometry, atrial fibrilla-
tion, and corrected QT time below 378 ms in ECG. The
final model is presented in graphical form in Figure 1.

Posterior distributions and inversed probabilities of
the final model using a NBC according to each predict-
ive variable are presented in Table 4. The results indicate
that patient age over 65 years at asthma onset, normal
body mass index, and FEV; over 89 are strong factors
that protect against death or very poor HRQoL. Other
factors in the model are suggestive of a protective effect.
The same factors do not work as risk factors, as seen
when POs as protective factors are compared with
figures of risk factors in Table 4. The absence of co-
morbidity (diabetes, alcoholism, cancer, psychiatric dis-
ease, atrial fibrillation) is a strong protective factor against
death or very poor HRQoL. Thus, the model is good in
predicting health, but there is no good value for risk fac-
tors in predicting disease.

When the total material was fitted into the model,
the following results were achieved: prediction accuracy
77%, sensitivity 0.30, specificity 0.95, positive predictive
value 0.68, negative predictive value 0.78, and area under
the ROC 0.69. In LOOCYV, the default classification
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score (best guess) was 72.0% (log-score 0.583) and the
model’s performance with selected variables was 75.4%
(corresponding log-score 0.536).

Table 5 shows the results of logit models. The logitl
with correspondent predictors to NBCMM had margin-
ally higher classification accuracy in comparison to the
NBCMM. However, the logitl used only 56% of the 647
observations in the data set and may have classification
accuracy between 44—78% if all observations were mod-
eled. The logit2 had relatively similar classification ac-
curacy in comparison to the NBCMM. It used 85% of
the observations in the data set and may have classifica-
tion accuracy between 66-78% if all observations were
modeled. The logit3 with all observations used had lo-
wer classification accuracy (72%) in comparison to the
NBCMM.

The logit4 and logit5 (stepwise machine learned mo-
dels based on p-values) had marginally lower classifi-
cation accuracy (76%) in comparison to the NBCMM.
However, they used only 12% of the observations in the
data set, ignored many clinically meaningful predictors
and may have classification accuracy between 9-76%
if all observations were modeled. The logit 6 (manually

Table 4 Main results: posterior distributions and inversed probabilities of the final NBCMM using a NBC

Factors of very poor QolL/death Predicted class

Evidence strength

Protective Alive with not very poor QoL Inversed (If alive with not very poor Qol)

% 95% Crl (%) PO 95% Crl % 95% Crl (%) PO 95% Crl
Age at asthma onset over 65.49 80.0 76.9 83.0 4.0 33 49 16.0 134 19.1 0.2 0.2 0.2
No CVD 77.0 736 80.1 33 2.8 4.0 76.0 726 79.2 32 26 3.8
No diabetes 76.0 726 79.2 32 26 38 88.0 853 90.3 73 58 93
No alcoholism 750 715 78.2 30 25 36 87.0 84.3 89.4 6.7 54 84
No cancer 74.0 70.6 773 2.8 24 34 96.0 943 97.3 240 165 36.0
No psychiatric disease 750 715 782 30 2.5 36 93.0 90.9 94.8 133 10.0 18.2
BMI O 87.0 84.3 894 6.7 54 84 3.0 1.8 44 0.0 0.0 0.0
FEV, over 89.61 81.0 77.8 839 43 35 52 50 35 6.8 0.1 0.0 0.1
No AF 74.0 706 773 28 24 34 95.0 93.2 96.5 190 137 276
QT below 378.17 710 674 743 24 2.1 29 4.0 2.7 57 0.0 0.0 0.1
Risk Very poor Qol/death Inversed (If very poor Qol/death)

% 95% Crl (%) PO 95% Crl % 95% Crl (%) PO 95% Crl
Age at asthma onset below 45.53 470 432 50.8 09 08 1.0 18.0 15.1 210 0.2 0.2 03
[@Yp) 370 333 40.7 06 05 0.7 380 343 418 06 05 0.7
Diabetes 430 39.2 46.8 0.8 0.6 0.9 240 20.8 274 03 03 04
Alcoholism 40.0 36.3 434 0.7 0.6 0.8 23.0 199 204 03 0.2 04
Cancer 490 452 52.8 1.0 038 1.1 100 79 125 0.1 0.1 0.1
Psychiatric disease 46.0 422 499 09 0.7 1.0 17.0 14.3 20.0 0.2 0.2 03
BMI 3 51.0 472 54.8 1.0 09 12 12.0 9.7 14.7 0.1 0.1 0.2
FEV; below 31.11 500 46.2 539 1.0 09 1.2 120 9.7 14.7 0.1 0.1 02
AF 47.0 432 50.8 09 0.8 1.0 11.0 87 13.6 0.1 0.1 0.2
QT over 506.59 98.0 96.7 98.9 49.0 29.3 89.9 3.0 1.8 45 0.0 0.0 0.0
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Table 5 Logistic regression models with six different approaches

Page 8 of 10

Very poor HRQoL/ Logit 1 Logit 2 Logit3 Logit 4 Logit5 Logit6
death outcome

Parameter OR SE OR SE OR SE OR SE OR SE OR SE
Age at onset of COPD 0.9772 0.0178 0.9860 0.0148 0.8432* 0.0585 0.9342* 00273
Age at onset asthma 0.8469* 0.0560

Year of birth 08579 00680 08663 00647 09163* 00313
Diagnosed cerebrovascular 22090 09669  24865* 08858 2.5121** 0.7810

disease

Diabetes 20537% 06558 22233** 06105 22204** 05260

Alcohol abuse 2.1063% 06814  24580** 06461 1.9996** 04726 24388**  0.7556
Cancer 25036 13626 2.1930** 12808 2.5107* 08961

Any psychiatric disease 46815%** 17979 3.3283** 10637 25081** 07054 33262 24100 40301 29826 3.8206*** 14034
Body mass index 12048 02493  1.4440* 0249

FEV1% of predicted spirometry  0.9761**  0.0071  1.4440*** 0.0580 0.9851*  0.0065
Atrial fibrillation 3.1544% 31544 26895%  1.1314
Corrected QT-time 1.0093*  0.0047

Tests Value p Value p Value p Value p Value p Value p

N included to the model 365 547 647 75 75 389

Probability of the model (chi) 5290  <0.0001 7200  <00001 4821 <00001 1025 00166 1028 00163 3694  <0.0001
Pseudo R’ 12.18% 11.69% 6.38% 12.07% 12.11% 7.88%

Sensitivity 33.01% 24.09% 15.43% 21.05% 21.05% 21.24%
Specificity 95.80% 95.61% 93.64% 94.64% 94.64% 94.20%

Positive predictive value 75.56% 64.71% 4737% 57.14% 57.14% 60.00%

Negative predictive value 78.44% 79.03% 74.92% 77.94% 77.94% 74.50%

Log likelihood -190.73 —271.87 —353.57 -37.32 -37.31 —215.93

Akaike information criteria 403.46 561.74 719.14 82.65 82.61 44587

Bayesian information criteria 446.36 60048 74598 91.92 91.88 47361
Proportion of observations 5641% 84.54% 100.00% 11.59% 11.59% 60.12%

used

Correct classification of used N 78.08% 77.70% 7249% 76.00% 76.00% 73.01%

Worst possible correct 44.05% 65.69% 72.49% 8.81% 8.81% 43.89%

classification among all (N 647)

NBCMM = naive Bayesian classification merger model. Logit1 = all variables included in the NBCMM (comparable to the NBCMM in terms of predictors included
to the logit model). Logit2 = variables which had at least 80% of observations present. Logit3 = variables which had 100% of observations present (comparable to
the NBCMM in terms of number of observations included). Logit4 = forward stepwise elimination with p-value 0.10 threshold. Logit5 = backward stepwise
elimination with p-value 0.10 threshold (shows how well the greedy hill-descending predictor selection of naive Bayes approach performed in comparison to the
p-value selection). Logité = manual one-by-one dropping of the predictor variable with the poorest p-value until all logit predictors have a p-value below 0.10.

*p<0.050. *p<0.010. ***p<0.001.

selected predictors based on the p-values) had lower clas-
sification accuracy (73%) in comparison to the NBCMM.
Yet, the logit6 used only 60% of the observations in
the data set and may have classification accuracy between
44-73% if all observations were modeled. The poorer per-
formance of p-value based variable selection for the logit
model (stepwise or manual selection) in comparison
to the greedy hill-descending algorithm of NBC may
result from the complex nature of the data set (e.g. cross-
censoring present in the variable values).

The sensitivity of the NBCMM was limited in this
case. However, good specificity, moderate prediction

accuracy, comparable or higher accuracy as well as more
efficient variable selection and data usage in comparison
to the logit model, and positive and negative predictive
values indicated that the model has potential in predicting
mortality and very poor HRQoL in COPD patients.

Discussion and conclusion

In this study we used a NBC to detect predictive factors
for very poor HRQoL and mortality in COPD patients.
HRQoL was measured with a 15D instrument. The out-
come variable was dichotomized to poor treatment out-
come, poor outcome being expressed as both mortality
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and very poor HRQoL. We considered this dichotomiza-
tion justified, because it is clinically important to distin-
guish patients with with very poor outcome.

The 15D instrument is highly valuated [29]. 15D total
scores have been demonstrated to be significantly lower
in COPD patients than in age-matched population [30].
The total 15D score has been proved to be significantly
correlated with SGRQ (St George's Respiratory Ques-
tionnaire), and the breathing subscale of 15D has been
significantly correlated with clinical symptoms and func-
tional parameters in COPD patients [31]. 15D scores
have been found to change in COPD patients receiving
pulmonary rehabilitation, indicating the usefulness of
HRQoL in evaluating COPD rehabilitation programs [32].

In the Finnish health care system, the medication pay-
ment compensation for COPD is available for patients
with FEV permanently less than 40% of the predicted or
permanently less than 50% if the have been at least two
exacerbation periods or other complications. The pay-
ment compensation makes that all patients with those
values have passed the same system. It also makes the
population constant.

We used a NBC for the analysis. Despite its simplicity,
its performance is comparable with conventional [26] or
more sophisticated methods [33]. In line with an earlier
study [26], NBC’s performance was shown here in com-
parison to different logit modeling approaches in terms
of correspondent or better accuracy and better variable
selection. NBCs can manage complicated and limited
data, they are easy to use for a clinician, and the results
are clearly visualized [26,33-36]. The predictive perform-
ance of NBCs can be improved considerably with in-
formative priors [26,37,38]. In these situations, the NBC’s
performance may even exceed the performance of logistic
regression methods [26,38].

Predicting results may be improved by two ways. Firstly,
adding prior information for the model may improve pre-
dictions especially in a situation when the model is applied
to a new environment. Secondly, finding new predic-
ting variables, for example genetic factors associated
with COPD, could be very useful in predicting the out-
come. We don't expect that a larger dataset could be very
helpful.

Our material consisted of patients derived from the
patient flow of pulmonary clinics in two large referral
hospitals. We consider that the results can be general-
ized to COPD patients in secondary care. This study was
limited to patients with COPD diagnosis. However, our
model is better for predicting health than for predicting
morbidity/mortality (very poor HRQoL/death).

Our results cannot be directly compared with previous
studies due to the different outcomes. Also, previous stu-
dies were performed by using logistic regression methods
to identify risk factors. However, co-morbidity, FEV,% of
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predicted, and increased BMI are common predictive
factors in our study and in the previous studies. Age
over 65 years at onset of the disease protected against
death or very poor HRQoL, which was a new finding.
This is probably due to milder disease with different
disease expansion.

There is a trend towards earlier diagnosis and more
active therapeutic interventions in the treatment of
COPD to prevent the development of disabling dis-
ease [39]. It has become obvious that in addition to
lung function measures new tools are needed in the
management and monitoring of COPD. The statistical
approach used in our study provides a potentially new op-
portunity to identify patients with poor prognosis.

Competing interests

One author (OPR) is a member of executive board of Wisane Ltd producing
NBC models (www.wisanefi), and one author (EJS) works for and is a
shareholder of ESIOR Oy providing, for example, health economic analyses.
Other authors declare that there are no competing interests associated with
this manuscript.

Authors’ contributions

TL, AL and MK collected the study material. The analysis was performed by
OPR and ES. OPR, ES and TL wrote the manuscript, which was finally
accepted by all authors. All authors read and approved the final manuscript.

Acknowledgements

The authors would like to thank clinical research nurses Ms Kerstin Ahlskog,
Kirsi Sariola, and Péivi Laakso for their skillful patient recruitment, Ms Tuula
Lahtinen for monitoring the project, and students Siiri and Nelli Carlson for
repairing the data for analyses. This study was supported by funding from
Helsinki University Hospital (HUS EVO), the University of Helsinki, the
Foundation of the Finnish Anti-Tuberculosis Association, and the Yrjo
Jahnsson Foundation.

Author details

'Department of Public Health and Clinical Nutrition, University of Eastern
Finland, Kuopio, Finland. General Practice Unit, Kuopio University Hospital,
Primary Health Care, Kuopio, Finland. >ESiOR Oy, Kuopio, Finland.
“Department of Social and Health Management, University of Eastern
Finland, Kuopio, Finland. Phoru, School of Pharmacy, University of Eastern
Finland, Kuopio, Finland. ®Department of Medicine, Division of Pulmonary
Medicine, Helsinki University Central Hospital.School of Pharmacy, University
of Eastern Finland, Kuopio, Finland. “Department of Pulmonary Medicine and
Clinical Allergology, Turku University Central Hospital, Turku, Finland.

Received: 21 June 2011 Accepted: 9 January 2013
Published: 7 March 2013

References

1. Minai OA, Benditt J, Martinez FJ: Natural history of emphysema. Proc Am
Thorac Soc 2008, 5:468-474.

2. Lopez AD, Shibuya K, Rao C, Mathers CD, Hansell AL, Held LS, Schmid V,
Buist S: Chronic obstructive pulmonary disease: current burden and
future projections. Eur Respir J 2006, 27:397-412.

3. Sintonen H: The 15D instrument of health-related quality of life:
Properties and applications. Ann Med 2001, 33:328-336.

4. Mazur W, Kupiainen H, Pitkdniemi J, Kilpeldinen M, Sintonen H, Lindqvist A,
Kinnula VL, Laitinen T: Comparison between the disease-specific Airways
Questionnaire 20 and the generic 15D instruments in COPD. Health Qual
Life Outcomes 2011, 9:4-13.

5. Marsh SE, Travers J, Weatherall M: Proportional classifications of COPD
phenotypes. Thorax 2008, 63:761-767.

6. Nussbaumer-Ochsner Y, Rabe KF: Systemic manifestations of COPD. Chest
2011, 139:165-173.


www.wisane.fi

Ryynénen et al. BMC Medical Informatics and Decision Making 2013, 13:34

http://www.biomedcentral.com/1472-6947/13/34

20.

21.

22.

23.

24

25.

26.

27.

28.

Han MK, Postma D, Mannino DM, Giardino ND, Buist S, Curtis JL, Martinez
FJ: Gender and chronic obstructive pulmonary disease: why it matters.
Am J Respir Crit Care Med 2007, 176:1179-1184.

Martinez FJ, Curtis JL, Sciurba F, Mumford J, Giardino ND, Weinmann G,
Kazerooni E, Murray S, Criner GJ, Sin DD, Hogg J, Ries AL, Han M, Fishman
AP, Make B, Hoffman EA, Mohsenifar Z, Wise R: Sex differences in severe
pulmonary emphysema. Am J Respir Crit Care Med 2007, 176:243-252.
Watson L, Vonk JM, Lofdahl CG, Pride NB, Pauwels RA, Laitinen LA,
Schouten JP, Postma DS: Predictors of lung function and its decline in
mild to moderate COPD in association with gender: results from the
Euroscop study. Respir Med 2006, 100:746-753.

Connett JE, Murray RP, Buist AS, Wise RA, Bailey WC, Lindgren PG, Owens
GR: Changes in smoking status affect women more than men: results of
the Lung Health Study. Am J Epidemiol 2003, 157:973-979.

de Torres JP, Casanova C, Hernandez C, Abreu J, Guirre-Jaime A, Celli BR:
Gender and COPD in patients attending a pulmonary clinic. Chest 2005,
128:2012-2016.

Kanervisto M, Saarelainen S, Vasankari T, Jousilahti P, Heistaro S, Heli¢vaara
M, Luukkaala T, Paavilainen E: COPD, chronic bronchitis and capacity for
day-to-day activities: negative impact of illness on the health-related
quality of life. Chron Respir Dis 2010, 7:207-215.

Halpin DM, Peterson S, Larsson TP, Calverley PM: Identifying COPD patients
at increased risk of mortality: predictive value of clinical study baseline
data. Respir Med 2008, 102:1615-1624.

de Voogd JN, Wempe JB, Koéter GH, Postema K, van Sonderen E, Ranchor
AV, Coyne JC, Sanderman R: Depressive symptoms as predictors of
mortality in patients with COPD. Chest 2009, 135:619-625.

Nizet TA, van den Elshout FJ, Heijdra YF, van de Ven MJ, Mulder PG,
Folgering HT: Survival of chronic hypercapnic COPD patients is
predicted by smoking habits, comorbidity, and hypoxemia. Chest
2005, 127:1904-1910.

Tantucci C, Donati P, Nicosia F, Bertella E, Redolfi S, De Vecchi M, Corda L,
Grassi V, Zulli R: Inspiratory capacity predicts mortality in patients with
chronic obstructive pulmonary disease. Respir Med 2008, 102:613-619.
Niewoehner DE, Lokhnygina Y, Rice K, Kuschner WG, Sharafkhaneh A, Sarosi
GA, Krumpe P, Pieper K, Kesten S: Risk indexes for exacerbations and
hospitalizations due to COPD. Chest 2007, 131:20-28.

Schembri S, Anderson W, Morant S, Winter J, Thompson P, Pettitt D,
MacDonald TM, Winter JH: A predictive model of hospitalisation and
death from chronic obstructive pulmonary disease. Respir Med 2009,
103:1461-1467.

Tsimogianni AM, Papiris SA, Stathopoulos GT, Manali ED, Roussos C,
Kotanidou A: Predictors of outcome after exacerbation of chronic
obstructive pulmonary disease. J Gen Intern Med 2009, 24:1043-1048.
Himes BE, Dai Y, Kohane IS, Weiss ST, Ramoni MF: Prediction of chronic
obstructive pulmonary disease (COPD) in asthma patients using
electronic medical records. J Am Med Inform Assoc 2009, 16:371-379.
Viljanen AA, Halttunen PK, Kreus KE, Viljanen BC: Spirometric studies in
non-smoking, healthy adults. Scand J Clin Lab Invest Suppl 1982, 159:5-20.
Hawthorne G, Richardson J, Day NA: A comparison of the Assessment of
Quality of Life (AQoL) with four other generic utility instruments. Ann
Med 2001, 33:358-370.

Moock J, Kohlmann T: Comparing preference-based quality-of-life measures:
results from rehabilitation patients with musculoskeletal, cardiovascular, or
psychosomatic disorders. Qual Life Res 2008, 17:485-495.

Kukkonen J: Terveydenhuollon vaikuttavuuden arviointi rutiinisti kerétyn tiedon
pohjalta. An evaluation of the effectiveness of public health services on the
basis of routinely collected data, Finnish. Kuopio University Publications D.
Medical Sciences; 2005:355.

Ng AY, Jordan MI: On Discriminative vs. Generative classifiers: A
comparison of logistic regression and naive Bayes. In Advances in Neural
Information Processing Systems 14. Edited by Becker S, Ghahramani Z.
Cambridge, MA: MIT Press; 2002.

Soini EJ, Rissanen T, Tiihonen J, Hodgins S, Eronen M, Ryyndnen OP:
Predicting forensic admission among the mentally ill in a multinational
setting: A Bayesian modelling approach. Data Know! Engin 2009,
68:1427-1440.

Lawrence D, Brown LD, Cai TT, DasGupta A: Interval estimation for a
binomial proportion. Stat Sci 2001, 16:101-133.

Laitinen T, Hodgson U, Kupiainen H, Tammilehto L, Haahtela T, Kilpeldinen
M, Lindgvist A, Kinnula VL: Real world clinical data identifies gender

29.

30.

32.

33.

34.

35.

36.

37.

38.

39.

Page 10 of 10

related profiles in chronic obstructive pulmonary disease. J COPD 2009,
6:256-262.

Honkalampi T, Sintonen H: Do the 15D scores and time trade-off (TTO)
values of hospital patients’ own health agree? Int J Technol Assess Health
Care 2010, 26:117-123.

Saarni SI, Harkénen T, Sintonen H, Suvisaari J, Koskinen S, Aromaa A,
Lonnqvist J: The impact of 29 chronic conditions on health-related
quality of life: a general population survey in Finland using 15D and
EQ-5D. Qual Life Res 2006, 15:1403-1414.

Kwok S, Stickland MK, Rodgers W, Wong EYL: Evaluation of quality of life
in COPD using the 15D questionnaire. Am J Respir Crit Care Med 2010,
81:A5786.

Kwok S, Wong EYL, Rodgers W, Stickland MK: Sensitivity of the 15D health-
related quality of life instrument to change with pulmonary
rehabilitation in COPD. Am J Respir Crit Care Med 2010, 181:A1209.

Bellazzi R, Zupan B: Predictive data mining in clinical medicine: current
issues and guidelines. Int J Med Inform 2008, 77:81-97.

Koskela TH, Ryynanen OP, Soini EJ: Risk factors for persistent frequent use
of the primary health care services among frequent attenders: a
Bayesian approach. Scand J Prim Health Care 2010, 28:55-61.

Soini EJ, Rissanen T, Tiihonen J, Hodgins S, Eronen M, Ryynanen OP:
Predicting violent offending among mentally ill in a multinational
setting — naive Bayesian fusion and model merging with P-course. Value
Health 2006, 9:A316-A317.

Soini EJ, Martikainen JA, Lahtinen J, Myllyméki P, Kontkanen P, Valtonen H,
Ryynanen OP: Efficient data mining and probabilistic inference with
P-course: a Bayesian method with multilevel priors for medical
applications. Value Health 2006, 9:A270.

Blomstedt P, Soini EJ, Lahtinen J, Ryyndnen OP, Kuukasjérvi P, Corander J:
Empirical evaluation of the predictive performance of classification tools
in coronary heart disease - P-Course a Naive Bayes tool outperforms
novel logistic regression approaches. Value Health 2007, 10:A428.
Lahtinen J, Myllymaki P, Ryynénen OP: P-Course: medical applications of
Bayesian classification with informative priors. In Al Techniques in
Healthcare: Evidence-based Guidelines and Protocols. Edited by ten Teije A,
Miksch S, Lucas P. Riva del Garda: ECAI; 2006.

Decramer M, Cooper CB: Treatment of COPD: the sooner the better?
Thorax 2010, 65:837-841.

doi:10.1186/1472-6947-13-34

Cite this article as: Ryyndnen et al.: Bayesian predictors of very poor
health related quality of life and mortality in patients with COPD. BMC
Medical Informatics and Decision Making 2013 13:34.

~
Submit your next manuscript to BioMed Central
and take full advantage of:
¢ Convenient online submission
¢ Thorough peer review
* No space constraints or color figure charges
¢ Immediate publication on acceptance
¢ Inclusion in PubMed, CAS, Scopus and Google Scholar
¢ Research which is freely available for redistribution
Submit your manuscript at ( -
www.biomedcentral.com/submit BiolVed Central
J




	Abstract
	Background
	Methods
	Results
	Conclusion

	Background
	Methods
	Subjects
	Assessment of HRQoL and clinical measures
	Bayesian classification

	Results
	Patient recruitment and selection

	Discussion and conclusion
	Competing interests
	Authors’ contributions
	Acknowledgements
	Author details
	References

