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SUMMARY

In epidemiological studies of community-acquired pneumonia (CAP) that utilize administrative

data, cases are typically defined by the presence of a pneumonia hospital discharge diagnosis

code. However, not all such hospitalizations represent true CAP cases. We identified 3991

hospitalizations during 1997–2005 in a managed care organization, and validated them as

CAP or not by reviewing medical records. To improve the accuracy of CAP identification,

classification algorithms that incorporated additional administrative information associated with

the hospitalization were developed using the classification and regression tree analysis. We found

that a pneumonia code designated as the primary discharge diagnosis and duration of hospital

stay improved the classification of CAP hospitalizations. Compared to the commonly used

method that is based on the presence of a primary discharge diagnosis code of pneumonia alone,

these algorithms had higher sensitivity (81–98%) and positive predictive values (82–84%) with

only modest decreases in specificity (48–82%) and negative predictive values (75–90%).

Key words: Accuracy, algorithm, classification and regression tree, community-acquired

pneumonia, hospitalization.

INTRODUCTION

Pneumonia can cause substantial morbidity and

mortality, particularly in older adults, but it can be a

difficult outcome to define accurately for the purposes

of epidemiological research. Administrative database

studies often identify pneumonia hospitalizations

using International Classification of Diseases, 9th

Revision, Clinical Modification (ICD-9-CM) diag-

nosis codes that are linked to hospitalization records.

This method has been used to assess temporal trends

[1–7], estimate disease burden [8], and identify risk

factors [9] for pneumonia hospitalizations. It has also

been used in evaluations of influenza vaccine effec-

tiveness [10–12] and in pharmaco-epidemiological

studies of the association of use of various medi-

cations with risk of pneumonia [13–16].

However, the assignment of a pneumonia hospital

discharge diagnosis code lacks specificity for the

true occurrence of community-acquired pneumonia

(CAP), because pneumonia codes may be assigned to

hospitalizations that are not truly associated with

pneumonia. Furthermore, the coding system does not

distinguish between CAP and nosocomial pneumonia.

Some studies have employed additional methods, such
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as medical record review of hospitalizations assigned

a pneumonia diagnosis code [17, 18], to validate the

occurrence of CAP. However, chart review is very

labour intensive and so is often not feasible. For this

reason there is a need to develop methods that more

accurately identify cases of CAP utilizing information

readily available from administrative data sources.

In this study, we identified 3991 hospitalizations

assigned a pneumonia discharge diagnosis code in

persons of all ages from the administrative data

systems within a managed care organization. For each

hospitalization identified, we accessed from a prior

study the true CAP status as determined by medical

record review [19]. We then developed classification

algorithms that used additional administrative infor-

mation associated with the hospitalization to more

accurately identify true CAP cases compared to the

commonly used method of identifying cases presump-

tively based on a pneumonia diagnosis code alone.

We evaluated the accuracy of the newly developed

classification algorithms by comparing the cases

classified as CAP or not CAP by the algorithms

against the gold standard definition of CAP based on

medical record review.

METHODS

Study population

The study was conducted among enrollees of Group

Health Cooperative, a managed care organization

in Washington State with administrative data systems

that record information on ICD-9-CM codes assigned

to in-patient and outpatient medical encounters. In a

previous study of trends in pneumonia rates over time

in this study population [19], these administrative

data systems were used to identify outpatient medical

encounters and hospitalizations with a pneumonia

ICD-9-CM code (480–487.0 and 507.0) assigned to

any diagnosis field from January 1997 to January

2005, among persons of all ages. Since the main focus

was to compare the pneumonia rates before and after

the introduction of the 7-valent pneumococcal con-

jugate vaccine (PCV7) in 2000, only the more recent

and shorter pre-PCV7 time period since 1998 was

used and reported in the previous study. In the cur-

rent study, we used a slightly broader study period

and included pneumonia-coded hospitalizations that

occurred during January 1997 to January 2005. The

study was approved by the Group Health Insti-

tutional Review Board.

Chart review to determine true cases of CAP

In a previous study [19], after presumptive pneumonia

hospitalizations were identified using ICD-9-CM

codes, medical record review was conducted to de-

termine if such hospitalizations were true cases of

CAP. Specifically, two chart abstractors (one was a

nurse and the other was specifically trained for the

abstraction in a previous study [19]) were trained

extensively by an expert epidemiologist to review the

hospitalization records forwarded by the treating

non-Group Health facility and available in the Group

Health outpatient medical record, which typically

involved review of the hospital discharge summary.

Chart abstractors were not given the information

regarding the pneumonia ICD-9-CM codes recorded

in the administrative database, and they were not

trained to look for specific ICD-9-CM codes in the

medical record. Instead, they were trained to look for

the clinical diagnosis from the treating physician. To

assess abstractor reliability and to ensure data quality,

all the chart reviews conducted in the first several

months of the study were reviewed by both abstrac-

tors, and a 10% random sample of the remaining

charts were reviewed by both thereafter.

A hospitalization was defined as ‘definite CAP’

if there was documentation in the records that the

treating physician considered pneumonia as the most

likely cause of the illness present at admission. A

hospitalization was defined as ‘probable CAP’ if the

physician considered pneumonia as a possible cause

of the illness present at admission. Hospitalizations

due to causes other than pneumonia, including noso-

comial pneumonia with pneumonia symptoms onset

after hospital admission, were included as ‘not CAP’.

In the current study, the ‘gold standard’ definition

of true CAP was a pneumonia-coded hospitalization

that was determined to be definite or probable CAP

by medical record review. Furthermore, those hospi-

talizations with insufficient information available for

review or no physician assessment record available

in the medical record were excluded. If an individual

had more than one pneumonia-coded hospitalization

during the study period, only the first such hospital-

ization was included in the current study.

Administrative predictors of CAP

We identified several additional potential predictors

of CAP from administrative data sources that were

linked to the pneumonia-coded hospitalizations, and

we evaluated them for possible inclusion in the
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classification algorithms (Table 1). These variables

included the presence of specific individual diagnostic

pneumonia codes (vs. the presence of any code within

the 480–487.0 and 507.0 code group), whether they

were assigned as the primary discharge diagnosis or as

any discharge diagnosis, other illness diagnosis codes,

whether they were assigned as the primary or any

discharge diagnosis, procedure codes, age, and length

of hospital stay.

Statistical analysis

Our primary aim was to develop a method that could

more accurately identify true cases of CAP using ad-

ministrative information compared to the commonly

used approach of identifying cases simply based on

the presence of a pneumonia discharge diagnosis code

alone. To accomplish this, we considered a wider ar-

ray of administrative information associated with the

apparent pneumonia hospitalization and potentially

predictive of true CAP. We then developed an algor-

ithm to identify true CAP cases using this additional

information in a classification and regression tree

(CART) analysis [20]. CART is a binary recursive

partitioning method that builds a decision tree that

classifies individuals as having or not having a par-

ticular outcome on the basis of a set of predictors.

In our analysis, the outcome of interest is true CAP,

where CAP was defined using the gold standard

definition based on medical chart review, and the

candidate predictor variables are the administrative

variables described in the previous section. A separate

classification algorithm was developed for each of

the three age groups (0–17, 18–64, o65 years). The

CART analysis was performed using ‘rpart ’ in the

R package [21], which includes as part of its standard

implementation a tenfold cross-validation process for

internal validation of the final tree.

To evaluate the performance of each newly devel-

oped classification algorithm with respect to its ability

to identify true cases of CAP from all pneumonia-

coded hospitalizations, we compared the cases classi-

fied as CAP or not CAP by the algorithms against

the gold standard definition of CAP based on medical

record review. We calculated sensitivity (percentage

of true CAP hospitalizations as determined from

medical record review that were correctly classified

as CAP by our algorithm), specificity (percentage of

hospitalizations determined not to be true CAP cases

by medical record review that were correctly classified

as not CAP by our algorithm), positive predictive

value (PPV) (percentage of hospitalizations classified

as CAP by our algorithm that were determined as true

CAP by medical record review), negative predictive

value (NPV) (percentage of hospitalizations classified

as not CAP by our algorithm that were determined

as not true CAP cases by medical record review) and

their 95% confidence intervals (CI) based on a bi-

nomial distribution. For further comparison, we also

calculated these performance measures for a simpler

method that classified a hospitalization as CAP if it

was assigned a pneumonia code (480–487.0 or 507.0)

as the primary discharge diagnosis.

RESULTS

Over 10 000 hospitalizations that were assigned a

pneumonia ICD-9-CM code during the study period

were identified for chart review. Chart review was

complete on 6938 hospitalizations and 2947 of these

hospitalizations were excluded from the current study

because there was no physician assessment record

available in the medical record or they were recurrent

events. As a result, a total of 3991 hospitalizations

that were assigned a pneumonia ICD-9-CM code

during the study period and had a gold standard CAP

status (true CAP cases vs. not CAP) determined based

on medical record review were included in the current

study. Of those, 2491 (62%) were determined to be

true CAP cases by medical record review (Table 2).

The proportion of pneumonia-coded hospitalizations

determined to be true CAP by medical record review

varied by age group: 74% in persons aged 0–17 years,

54% in persons aged 18–64 years, and 65% in per-

sons agedo65 years. Of the true CAP cases, 80%were

defined as definite CAP and 20% as probable CAP.

Nosocomial pneumonia events were more common

in adults aged o18 years compared to children. In

all pneumonia-coded hospitalizations, the percentages

determined as nosocomial pneumonia by medical

record review were 6% in persons aged 0–17 years,

21% in persons aged 18–64 years, and 17% in per-

sons aged o65 years.

In a previous study [19], it was determined that the

agreement on the true CAP status between chart

reviews by the two abstractors was high with 88%

agreement and a kappa of 0.75 (95% CI 0.70–0.80).

Classification algorithms

Aseparateclassificationalgorithmto identify trueCAP

hospitalizations based on administrative information
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Table 1. Selected variables associated with pneumonia-coded hospitalizations that were evaluated as potential predictors of CAP in the CART analyses, by

age group and the true CAP status from medical record review. All pneumonia-coded hospitalizations had a discharge diagnosis code of 480–487.0 or 507.0

during January 1997 to January 2005

Variables associated with
pneumonia-coded hospitalization*

Position

discharge
diagnosis
assigned

Hospitalizations with variable (%)

0–17 years 18–64 years o65 years

CAP
(n=112)

Not CAP
(n=40)

CAP
(n=514)

Not CAP
(n=440)

CAP
(n=1865)

Not CAP
(n=1020)

Pneumonia diagnosis (ICD-9-CM code)

Pneumonia diagnosis code (480 to 487.0 or 507.0) Primary 66 30 63 8 65 15
Pneumonia diagnosis code (480 to 487.0) Primary 63 30 59 5 51 8

Any 96 70 91 69 81 58

Pneumonia, organism unspecified (486) Primary 40 8 44 4 43 7
Any 69 25 69 51 70 49

Pneumonitis due to inhalation of food or vomitus (507.0) Primary 4 0 5 2 14 6

Any 5 30 10 33 20 44
Viral pneumonia (480.x) Primary 13 18 2 0 1 0

Any 14 20 2 0 1 0
Other bacterial pneumonia (482.x) Primary 4 5 6 1 4 1

Any 8 23 11 14 7 8

Other diagnosis (ICD-9-CM code)

Acute respiratory failure (518.81) Primary 1 3 6 3 5 5
Any 4 13 11 19 9 16

Asthma (493) Primary 15 5 1 1 0 0
Any 46 23 15 6 5 4

Chronic lung disease (491–492) Primary 0 0 1 1 2 1

Any 0 0 13 4 13 8
Congestive heart failure (428) Primary 0 0 2 1 3 4

Any 1 3 13 15 35 34

Cancer (140–172 or 174–208) Primary 0 0 3 12 1 7
Any 1 0 13 19 10 14

Injury (800–959) Primary 0 20 0 8 1 10
Any 0 23 2 9 4 13

External causes of injury and poisoning (any E code) 1 15 4 4 2 5
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Table 1 (cont.)

Variables associated with

pneumonia-coded hospitalization*

Position
discharge
diagnosis

assigned

Hospitalizations with variable (%)

0–17 years 18–64 years o65 years

CAP

(n=112)

Not CAP

(n=40)

CAP

(n=514)

Not CAP

(n=440)

CAP

(n=1865)

Not CAP

(n=1020)

Procedure codes

Any procedure code (01–86) 19 58 48 85 37 74

Mechanical ventilation (96.7x) 4 38 13 32 9 24
Any operation (01–86) 10 45 32 70 20 57
Chest operations and procedures (32–34) 2 8 14 17 6 10

Demographics

Female 45 25 52 43 50 51
Length of hospital stay#
0–2 days 54 20 29 12 30 12

3–4 days 28 20 30 15 33 21
o5 days 19 60 41 73 37 67

Season of hospital admission
Winter (Jan.–Mar.) 43 38 33 27 34 26

Spring (Apr.–June) 23 28 24 19 21 26
Summer (July–Sep.) 15 23 18 26 18 21
Autumn (Oct.–Dec.) 19 13 25 28 27 27

Death from the admitting illness 0 3 8 15 16 25

CAP, Community-acquired pneumonia ; CART, classification and regression tree.
* Other variables evaluated as potential predictors included year of age and year of hospital admission. Other discharge diagnosis or procedure codes also evaluated in the
CART analyses but not shown in the table due to low overall prevalence (<5%) included viral pneumonia (480.x), pneumonia due to respiratory syncytial virus (480.1),

pneumococcal pneumonia (481), pneumonia due to other specified bacteria (483.x), pneumonia in infectious diseases classified elsewhere (484.x), bronchopneumonia (485),
influenza with pneumonia (487.0), croup (464.4), acute bronchitis (490.x), bronchoscopy (33.2x), thoracentesis (34.91), chest radiograph (87.44 or 87.49), and thoracic CAT
scan (87.41).

# Length of hospital stay was evaluated as a continuous variable in the CART analyses.
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was developed for each of the three age groups (0–17,

18–64, o65 years). A wide variety of variables was

evaluated as potential predictors of CAP in the CART

analyses (Table 1). As shown in Table 1, across all

three age groups, the presence of a pneumonia code

assigned as the primary discharge diagnosis and the

presence of specific pneumonia discharge diagnosis

codes of 486 (pneumonia, organism unspecified) or

480–487 were more prevalent in true CAP hospital-

izations compared to those that were not determined

to be true CAP from medical record review. In con-

trast, hospitalizations that were not determined to be

true CAP by medical record review were more likely

to have a code for pneumonitis due to inhalation

of food or vomitus (507.0), an injury code, or a

procedure code associated with the pneumonia-coded

hospitalization. The length of hospital stay was

shorter in true CAP hospitalizations than those that

were not CAP.

The predictors ultimately selected for the classifi-

cation algorithm and the order in which those pre-

dictors appear in the decision tree varied by age

group. In the 0–17 years age group, the strongest

predictor of CAP was length of hospital stay of no

more than 3 days (Fig. 1). Of the 152 pneumonia-

coded hospitalizations that occurred in that age

group, 89 had a length of hospital stay of f3 days

and they were classified as CAP by the algorithm. Of

those 89, only eight (9%) were not true CAP cases

according to the gold standard medical record review

and so were misclassified by the algorithm. The

remaining 63 hospitalizations of >3 days’ duration

were further classified as CAP or not CAP by the

following additional variables : an injury discharge

diagnosis code assigned to the hospitalization in any

position, a pneumonia code of 486 assigned in any

position, and any pneumonia code (480–487.0 or

507.0) assigned as the primary discharge diagnosis.

For the other two age groups (18–64 and o65

years), the strongest predictor of CAP was the pres-

ence of any pneumonia code (480–487.0 or 507.0) as

the primary discharge diagnosis (Figs 2 and 3). Only

9% of hospitalizations with this designation in

persons aged 18–64 years and 11% in persons aged

o65 years were not truly CAP as determined by

medical record review and were thus misclassified by

the algorithm. In both age groups, the other variables

found to be predictive of CAP and therefore included

in the classification algorithms were the length of

hospital stay and the absence of a discharge diagnosis

code of pneumonia due to inhalation of food or

vomitus (507.0) in any position. A primary discharge

diagnosis code of acute respiratory failure (518.81)

was also found to be predictive of CAP for persons

aged 18–64 years, whereas the presence of any oper-

ation procedure code assigned to the hospitalization

was included in the algorithm for persons aged

o65 years.

Performance of the classification algorithms

The performance of the classification algorithms was

evaluated by comparing the classification of CAP by

the algorithms to the gold standard definition of CAP

according to medical record review (Table 3). Across

the algorithms for the three age groups, sensitivity

was 81–98%, specificity was 48–82%, PPV was

82–84% and NPV was 75–90%.

Relative to the classification algorithms we derived

using CART, a simpler approach for identifying a

Table 2. Results from medical record review of the pneumonia-coded hospitalizations during January 1997 to

January 2005

Age group (years)

0–5 6–17 18–49 50–64 65–74 75–84 o85 All

No. of pneumonia-coded hospitalizations 92 60 325 629 668 1227 990 3991
Results from medical record review (%)

True CAP cases 80 63 54 54 59 63 70 62
Definite CAP 73 50 48 44 45 50 55 50
Probable CAP 7 13 6 10 14 13 15 12

Not CAP 20 37 46 46 41 37 30 38

Nosocomial pneumonia 3 10 17 24 19 17 14 17
Other 17 27 29 22 22 20 16 21

CAP, Community-acquired pneumonia.
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CAP hospitalization is to use the presence of a dis-

charge diagnosis code of pneumonia (480–487.0 or

507.0) in the primary position. This approach resulted

in a sensitivity of 63–66%, specificity of 70–93%,

PPV of 86–91% and NPV of 42–68% across the three

age groups.

DISCUSSION

We included both children and adults in our study

and developed three age group-specific algorithms for

classifying hospitalized patients who were presump-

tively identified by ICD-9-CM pneumonia codes

as truly having or not having CAP. Compared to

a commonly used approach of identifying a CAP

hospitalization based on the presence of a primary

discharge diagnosis code of pneumonia alone, these

algorithms that incorporated additional and readily

available administrative information, such as the

length of hospital stay and discharge codes for diag-

noses other than pneumonia, increased sensitivity by

18–32% and NPV by 10–48% but reduced specificity

by a modest 11–22% and PPV by a small 2–7% de-

pending on age group. These algorithms were highly

sensitive which may be useful in situations in which

the primary objective is to identify true cases of CAP.

For example, in a case-control study of seniors hos-

pitalized with CAP, a highly sensitive algorithm could

be used as a first step in identifying presumptive CAP

hospitalizations that have a high likelihood of being

true cases for further validation by chart review or

other methods.

Several previous studies have examined the accu-

racy of pneumonia diagnosis codes for identifying

patients with pneumonia [22–27]. In comparison to

our findings when CAP was defined by the presence

of a primary discharge diagnosis code of pneumonia

alone, three studies found a similar sensitivity [23–25]

and another three studies found a higher sensitivity of

76–98% [22, 26, 27]. Two studies also found a higher

specificity (97% and 99%) [24, 27]. Our PPV of

86–91%was similar to or higher than that in previous

studies. However, our NPV was relatively lower

(42–68% vs. 74–98.2%) [22, 24, 26, 27].

Using CART analysis to develop algorithms for

identifying true cases of CAP has several advantages.

First, CART is a non-parametric method that makes

no assumptions about the underlying distributions

of the predictors or the relationships between the

predictors and CAP. In addition, CART analysis

Length of hospital stay � 3 days
(n=152)

YESNO

YESNO

YESNO

YESNO

An injury code (800–959) in any
discharge diagnosis field

(n=63)

A pneumonia code (486) in any
discharge diagnosis field

(n=54)

A pneumonia code (480–487.0;
507.0) in the primary discharge

diagnosis field
(n=31)

Not CAP
(n=12)

17% misclassified

CAP
(n=19)

42% misclassified

CAP
(n=23)

22% misclassified

 Not CAP
(n=9)

0% misclassified

CAP
(n=89)

9% misclassified

Fig. 1. Classification algorithm for community-acquired pneumonia (CAP) hospitalization in persons aged 0–17 years of age

during January 1997 to January 2005.
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YESNO

YES

YES

NO

NO

YESNO

A pneumonia code (480–487.0; 507.0)
in the primary discharge diagnosis field

(n=2885)

A pneumonia code (507.0) in any
discharge diagnosis field

(n=1521)

An operation procedure code
assigned to the hospitalization

(n=829)

length of hospital
stay: � 9 days

(n=1039)

CAP
(n=1364)

11% misclassified

Not CAP
(n=482)

21% misclassified

Not CAP
(n=163)

36% misclassified

Not CAP
(n=210)

25% misclassified

CAP
(n=666)

34% misclassified

Fig. 3. Classification algorithm for community-acquired pneumonia (CAP) hospitalization among persons aged o65 years
during January 1997 to January 2005.

A pneumonia code (480–487.0; 507.0) in the
primary discharge diagnosis field

(n=954)

YESNO

YESNO

YESNO

YESNO

Length of hospital
stay � 3 days

(n=596)

An acute respiratory failure
code (518.81) in the primary

discharge diagnosis field
(n=455)

A pneumonia code (507.0) in
any discharge diagnosis field

(n=141)

CAP
(n=358)

9% misclassified

Not CAP
(n=422) 

22% misclassified

Not CAP
(n=37) 

19% misclassified

CAP
(n=33) 

33% misclassified

CAP
(n=104) 

36% misclassified

Fig. 2. Classification algorithm for community-acquired pneumonia (CAP) hospitalization in persons aged 18–64 years

during January 1997 to January 2005.
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Table 3. Performance of classification methods for CAP hospitalizations during January 1997 to January 2005, by age group

Age group (yr)
Classification based on primary discharge diagnosis
code of pneumonia (480–487.0 or 507.0) Classification based on algorithms from CART analyses

(a) 0–17 years

Gold standard Gold standard

CAP Not CAP Total CAP Not CAP Total

Discharge
diagnosis code

CAP 74 12 86 Algorithm CAP 110 21 131
Not CAP 38 28 66 Not CAP 2 19 21
Total 112 40 152 Total 112 40 152

Sensitivity (95% CI)=66% (57–75) Sensitivity (95% CI)=98% (94–100)

Specificity (95% CI)=70% (53–83) Specificity (95% CI)=48% (32–64)
PPV (95% CI)=86% (77–93) PPV (95% CI)=84% (77–90)
NPV (95% CI)=42% (30–55) NPV (95% CI)=90% (70–99)

(b) 18–64 years

Gold standard Gold standard

CAP Not CAP Total CAP Not CAP Total

Discharge
diagnosis code

CAP 325 33 358 Algorithm CAP 414 81 495
Not CAP 189 407 596 Not CAP 100 359 459

Total 514 440 954 Total 514 440 954

Sensitivity (95% CI)=63% (59–67) Sensitivity (95% CI)=81% (77–84)
Specificity (95% CI)=93% (90–95) Specificity (95% CI)=82% (78–85)
PPV (95% CI)=91% (87–94) PPV (95% CI)=84% (80–87)
NPV (95% CI)=68% (64–72) NPV (95% CI)=78% (74–82)

(c) o65 years

Gold standard Gold standard

CAP Not CAP Total CAP Not CAP Total

Discharge
diagnosis code

CAP 1214 150 1364 Algorithm CAP 1654 376 2030
Not CAP 651 870 1521 Not CAP 211 644 855

Total 1865 1020 2885 Total 1865 1020 2885

Sensitivity (95% CI)=65% (63–67) Sensitivity (95% CI)=89% (87–90)
Specificity (95% CI)=85% (83–87) Specificity (95% CI)=63% (60–66)
PPV (95% CI)=89% (87–91) PPV (95% CI)=82% (80–83)

NPV (95% CI)=57% (55–60) NPV (95% CI)=75% (72–78)

CAP, Community-acquired pneumonia ; CART, classification and regression tree ; CI, confidence interval ; NPV, negative predictive value ; PPV, positive predictive value.

1
3
0
4

O
.
Y
u
a
n
d
o
th
ers

https://doi.org/10.1017/S0950268810002529 Published online by Cam
bridge U

niversity Press

https://doi.org/10.1017/S0950268810002529


implicitly considers all possible interactions between

potential predictors as well as all possible dichot-

omous cut-off points for categorical or continuous

predictors when building the algorithm. A tenfold

cross-validation provides for efficient internal vali-

dation of the algorithm. Finally, the classification

algorithms can be depicted visually in a simple

fashion which allows for straightforward interpret-

ation of results and provides for easy application in

other settings.

Our study has several limitations that are import-

ant to note. First, we observed relatively few CAP

hospitalizations in children and thus cannot draw

strong conclusions about the performance of our

algorithm in that population. Second, since the

algorithms were developed in a population of insured

Group Health enrollees, they may not be readily

generalizable to population in other settings. How-

ever, enrollees were hospitalized at a large number of

hospitals across western Washington and as a result

our study was not confined to hospitalizations occur-

ring in a single institution. Third, our gold-standard

CAP definition was only based on physician’s clinical

diagnosis reported in medical records and not chest

radiographs or laboratory-confirmed results since

such records were not forwarded to Group Health by

the treating non-Group Health facility. Therefore,

this method may not have captured all the true CAP

cases, which could bias our results. Specifically, if the

algorithms we developed also failed to identify these

same true CAP cases, the sensitivity of the algorithms

would be overestimated. Moreover, if the algorithms

picked up the missed true CAP cases, the specificity

would be underestimated. Last, we did not ascertain

cases of CAP with a pneumonia diagnosis docu-

mented in medical record but not in the administrat-

ive database. Thus, CAP hospitalizations that were

not identified by a pneumonia discharge diagnosis

code remained undetected. In conclusion, we devel-

oped age group-specific classification algorithms for

identifying CAP hospitalizations using information

such as the length of the hospital stay and presence

of a primary pneumonia discharge diagnosis code

from administrative data sources. These algorithms

had higher sensitivity and NPV but a relatively

modest decrease in specificity and PPV compared to

a more commonly used method based on the

presence of a primary discharge diagnosis code of

pneumonia alone. These algorithms could be readily

implemented in future epidemiological studies with

similar available administrative data and would result

in more accurate identification of CAP hospital-

izations.
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