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Assessing the Quality of
Clinical Data in a
Computer-based Record for
Calculating the Pneumonia
Severity Index

DOMINIK ARONSKY, MD, PETER J. HAUG, MD

A b s t r a c t Objective: This study examined whether clinical data routinely available in a
computerized patient record (CPR) can be used to drive a complex guideline that supports
physicians in real time and at the point of care in assessing the risk of mortality for patients with
community-acquired pneumonia.

Setting: Emergency department of a tertiary-care hospital.

Design: Retrospective analysis with medical chart review.

Patients: All 241 inpatients during a 17-month period (Jun 1995 to Nov 1996) who presented to
the emergency department and had a primary discharge diagnosis of community-acquired
pneumonia.

Methods/Main Outcome Measures: The 20 guideline variables were extracted from the CPR
(HELP System) and the paper chart. The risk score and the risk class of the Pneumonia Severity
Index were computed using data from the CPR alone and from a reference standard of all data
available in the paper chart and the CPR at the time of the emergency department encounters.
Availability and concordance were quantified to determine data quality. The type and cause of
errors were analyzed depending on the source and format of the clinical variables.

Results: Of the 20 guideline variables, 12 variables were required to be present for every
computer-charted emergency department patient, seven variables were required for selected
patients only, and one variable was not typically available in the HELP System during a patient’s
encounter. The risk class was identical for 86.7 percent of the patients. The majority of patients
with different risk classes were assigned too low a risk class. The risk scores were identical for
72.1 percent of the patients. The average availability was 0.99 for the data elements that were
required to be present and 0.79 for the data elements that were not required to be present. The
average concordance was 0.98 when all a patient’s variables were taken into account. The cause
of error was attributed to the nurse charting in 77 percent of the cases and to the computerized
evaluation in 23 percent. The type of error originated from the free-text fields in 64 percent, from
coded fields in 21 percent, from vital signs in 14 percent, and from laboratory results in 1
percent.

Conclusion: From a clinical perspective, the current level of data quality in the HELP System
supports the automation and the prospective evaluation of the Pneumonia Severity Index as a
computerized decision support tool.
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Disseminating and implementing paper-based guide-
lines in everyday practice remains a major challenge.1–4

A common reason for the reluctance to use the guide-
lines is the time required to complete them. Espe-
cially in hospitals with a computerized patient record
(CPR), paper-based guidelines represent a duplication
of data collection that should be avoided.5 Comput-
erizing a guideline is an attractive and effective means
of avoiding the duplication of data collection and the
time-consuming manual completion of guidelines.6

Clinical information systems have the potential to
drive guidelines7,8 and minimize or eventually elimi-
nate additional data collection from the health care
providers. Few guideline-based decision support sys-
tems are integrated into existing CPRs, support clini-
cians in real time, and do not require additional data
collection.8–11 One reason for the sparsity of real-time
computerized guidelines that do not require addi-
tional data entry is that clinically relevant data are not
sufficient12 or are not represented in an easily retriev-
able and computable format.5

A successful approach to computerizing guidelines is
the capturing of essential guideline data on a struc-
tured encounter screen.13,14 Guidelines with specifi-
cally designed encounter screens capture data in a
computable format and have demonstrated both an
improvement in documentation14 and a positive effect
on patient outcomes.15 However, as the guideline in-
creases in complexity, the time required to enter data
grows. In contrast, the complexity of a guideline is
often necessary to deliver recommendations that are
patient-specific. An alternative and desirable ap-
proach to delivering patient-specific advice is to in-
tegrate a guideline into an existing CPR, taking ad-
vantage of the available data.16,17 This approach may
sacrifice data quality because the variables are not
specifically collected for driving a guideline but rather
are captured for documenting routine patient care.

Even if all the required data elements of a guideline
exist in a CPR, the representation format affects the
accuracy of guideline recommendations. Data quality
needs to be assessed prior to implementation, because
erroneous recommendations based on inaccurate data
influence guideline acceptance and may raise liability
issues.18 Data quality is a fundamental issue when
guidelines are integrated into a CPR. Only a few stud-
ies, however, focus on assessing the data quality or
accuracy in a CPR.19,20

The objective of this study was to determine the data
quality of variables routinely collected in an emer-
gency department in driving the Pneumonia Severity
Index (PSI).21 The PSI guideline allows emergency de-
partment physicians to assess the risk of mortality in

patients who have community-acquired pneumonia.
Although the present form of the guideline assures
patient-specific recommendations, the complexity re-
mains too high to be easily memorized by clinicians.
Computerizing and integrating the guideline into a
CPR with verified levels of data quality is a desirable
method to deliver real-time support.22 Our goal was
to test whether data routinely available during a pa-
tient’s encounter in the emergency department can be
used to evaluate the PSI and provide physicians with
real-time decision support for the management of
pneumonia patients at the point of care.

Methods

Following the methodological recommendations of
Hogan and Wagner,20 we describe the setting and
charting process in detail.

Setting

LDS Hospital is a 520-bed tertiary-care and university
teaching hospital in Salt Lake City, Utah. During the
study period, the emergency department staff in-
cluded 12 full-time, board-certified emergency de-
partment physicians. Because of personnel turnover,
the nursing staff changed during the study period.
There were, generally, 12 full-time and 30 part-time
nurses. The emergency department staff cares for
more than 25,000 patients per year and uses the HELP
(Health Evaluation through Logical Processing) Sys-
tem for data recording and reporting.23,24 In the emer-
gency department there are 24 HELP terminals, the
majority residing in patients’ rooms.

The HELP System (version 15) is an inpatient CPR
that has a long history and is well known for several
integrated decision support systems.25 It is a commer-
cially available clinical information system (3M HIS,
Murray, Utah) that runs on a mirrored Tandem main-
frame computer with 12 central processing units. It
was developed and is maintained in PAL (PTXT ap-
plication language), which is a proprietary language
of 3M, and in TAL (Tandem application language),
which is a proprietary language of Compaq (previ-
ously Tandem, located in Houston, Texas). System
downtime is 0.15 percent per year.

Defining either the computer-based or the paper-
based chart as the official patient record is usually not
feasible. Although the HELP System contains most a
patient’s data, this CPR is complemented with hand-
written admission notes, progress notes, and addi-
tional forms that reside only in the paper-based rec-
ord. Similarly, the HELP System contains information
that does not enter the paper-based chart unless it is
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printed and inserted there on request. Thus, the offi-
cial patient record (the Record) is the combined data
from both the CPR and the paper-based chart.

Inclusion and Exclusion Criteria

We included all inpatients who were at least 18 years
of age and had a primary discharge ICD-9-CM diag-
nosis of community-acquired pneumonia (ICD-9
codes 480.0–486.9) during a 17-month period (June
1995 to November 1996).

The chief complaint is a mandatory entry without
which the emergency department nurse cannot chart
in the CPR. For patients who have cardiac arrest or
other life-threatening conditions, nurse charting is
performed exclusively on paper and does not enter
the CPR. Therefore, we identified patients who had
cardiac arrest or another life-threatening condition by
the absence of a chief complaint. These patients were
excluded from the study. We also excluded patients
with pneumonia who should have been admitted di-
rectly to the hospital but were admitted first to the
emergency department because of a logistical misun-
derstanding. Because of the misunderstanding, these
patients were not seen by an emergency department
physician.

The PSI guideline excludes patients who have histo-
ries of acquired immunodeficiency syndrome, have a
positive titer of HIV antibodies, have been transferred
from another acute-care hospital, or have been hos-
pitalized in the seven days prior to the current emer-
gency department encounter. We included patients
who met the PSI exclusion criteria, however, because
the study did not include the assessment of data qual-
ity for variables that evaluate a patient’s eligibility cri-
teria for the guideline.

Data Collection in the Emergency Department

The emergency department nurses collect the majority
of the data elements required for the PSI. When a pa-
tient presents to the emergency department, a regis-
tration clerk collects the patient’s demographic infor-
mation. A triage nurse collects the information about
chief complaint, current and past histories, and cur-
rent medication and measures vital signs, including
temperature, blood pressure, and heart and respira-
tory rates. The triage nurse enters the patient’s infor-
mation directly into the HELP System. At the end of
the triage, the nurse prints the captured information
and attaches the form to the patient’s chart. The form
is then used by the emergency department physician
to record additional findings.

After the patient is transferred to an emergency de-
partment room, an assigned nurse charts a more de-

tailed assessment. The assessment is entered in coded
form, but the nurse can also chart findings in free text.
While the patient is being evaluated, the nurse may
measure the vital signs again. Patients whose condi-
tions are considered urgent do not present to the tri-
age nurse but are admitted directly to an emergency
department room, where the assigned nurse collects
the triage information in addition to the assessment.
After evaluating the patient, the emergency depart-
ment physicians add information to the form printed
by the triage nurse.

A clerk orders laboratory tests or radiology exami-
nations through the HELP System. The laboratory re-
sults enter the HELP System through an interface with
the laboratory computer. The radiologic images are
reviewed by the physicians on a radiology worksta-
tion in the emergency department. The emergency de-
partment physicians review patient information on
the HELP System. However, they are not involved in
capturing data or entering orders. At the end of the
patient’s encounter, the nurse discharges the patient
from the emergency department and finishes the
charting process by recording the discharge time. The
physician’s dictation and the radiologist’s x-ray inter-
pretation enter the HELP System as free-text reports.

The Pneumonia Severity Index Guideline for
Community-acquired Pneumonia

The PSI guideline is a severity scoring system that
accesses the risk of mortality for pneumonia patients.
The PSI was originally developed as a logistic regres-
sion26 but was later converted to a scoring algorithm
to ease clinical use and promote the dissemination of
the guideline in different settings.21 The PSI guideline
is a two-step algorithm (Figure 1). The first step eval-
uates 11 variables from the physical examination and
the patient’s current and past histories. Patients who
are 50 years old or younger and have no abnormal
findings on the physical examination and the current
and past histories are assigned to risk class 1. Other-
wise, the patients are assigned to a higher risk class,
which is determined in the second step.

The second step evaluates nine additional variables
from laboratory tests and the chest x-ray (Table 1). To
determine the appropriate risk class in the second
step, the physician must first calculate a risk score.
The risk score is the sum of points assigned to each
of the 20 PSI variables. Finally, the risk class is derived
from the risk score and corresponds to a patient’s
probability of dying (Table 2). The developers of the
PSI have suggested that the risk class can be applied
as an admission criteria.21 Patients at low risk of dying
might be managed as outpatients, whereas patients at
high risk should be admitted to the hospital.
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F i g u r e 1 First step of the Pneumonia
Severity Index (PSI) scoring algorithm.
On the basis of the patient’s historical
data and vital signs, the clinician as-
signs the patient to either risk class 1 or
a higher risk class. For patients as-
signed to a higher risk class, a risk score
is calculated and used by the clinician
to determine the appropriate risk class.
(Reprinted with permission from Fine
et al.21 q 1997, New England Journal of
Medicine.)

Evaluating the Pneumonia Severity Index

For each patient we calculated the PSI risk score and
risk class using data that were available in the CPR
during the patient’s encounter in the emergency de-
partment. The PSI risk score and risk class computed
from the CPR data were then compared with the risk
measures that were computed using data that origi-
nated in the patient’s Record (the combined CPR and
paper-based record). All information that was actually
available in any format during the patient’s encounter
in the emergency department and that originated in
the patient’s Record represented our reference stan-
dard. The reference standard corresponds to the best
information available while the patient was in the
emergency department.

For all patients in the study we retrieved the PSI pa-
rameters from the CPR through database queries. To

assess the five variables of the PSI that involve coex-
isting conditions (neoplastic disease, congestive heart
failure, cerebrovascular disease, renal disease, and
liver disease), we constructed a list of terms repre-
senting each coexisting condition. The list of terms
was compiled by review of the free-text fields of the
nurse-charting entries in the CPR for patients who
were seen in the six months following the study
period (Dec 1996 to May 1997). For patients in the
study we inferred the presence of disease if one of the
terms was present in the free-text field of the current
history, the past history, or the current medication. We
considered only patient information that was re-
corded while the patient was in the emergency de-
partment. The emergency department encounter
started at the time a patient was registered by either
the registration clerk or the emergency department
nurse and ended at the time the patient was admitted
to the hospital.
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Table 1 n

Variables Evaluated in the Second Step of the Pneumonia Severity Index (PSI) Scoring Algorithm

Patient Characteristic
Source of Data in the

HELP System
Type of Data in the

HELP System
Points Assigned
for Abnormality

Demographics:
Age:

Men Registration Coded Age (year)
Women Registration Coded Age (year) 210

Nursing home Triage Free text 110

Coexisting illnesses:
Neoplastic disease Triage Free text 130
Liver disease Triage Free text 120
Congestive heart failure Triage Free text 110
Cerebrovascular disease Triage Free text 110
Renal disease Triage Free text 110

Physical examination findings:
Altered mental status Nurse assessment Coded 120
Respiratory rate Triage Numeric 120
Systolic blood pressure Triage Numeric 120
Temperature Triage Numeric 115
Heart rate Triage Numeric 110

Laboratory findings:
Arterial pH Laboratory Numeric 130
Blood urea nitrogen Laboratory Numeric 120
Sodium Laboratory Numeric 120
Glucose Laboratory Numeric 110
Hematocrit Laboratory Numeric 110
paO2 or SpO2 Laboratory or triage Numeric 110

Radiographic finding:
Pleural effusion ED physician’s report Free text 110

NOTE: The second step of the PSI scoring algorithm evaluates 20 variables to establish a risk score for the patient. In the HELP system
the variables differ in format and have different sources. The score for the PSI is calculated by adding the patient’s age and the
points assigned for each abnormal finding. ED indicates emergency department.

Table 2 n

Association of Risk Score with Risk Class and
Mortality in the Pneumonia Severity Index (PSI)
Scoring Algorithm

Risk Score Risk Class Mortality (%)

Based on step one 1 <0.5

#70 2 0.5–0.9

71–90 3 1–3.9

91–130 4 4–10

>130 5 >10

NOTE: The second step of the PSI scoring algorithm assigns the
patient to a risk class based on the calculated risk score. The
assigned risk class corresponds to a probability of death.

For every patient in the study we obtained the paper-
based charts from the medical records department. To
abstract data from the patient’s record, a self-coding
data sheet was completed. The self-coding data sheet
has been previously used in our institution for col-
lecting data from the charts of pneumonia patients.
As a safeguard against introducing bias into the un-
blinded review process, the records of 24 patients (10
percent) were randomly selected and were re-evalu-
ated after a two-month interval.

Evidence of abnormal findings in the CPR or the Rec-
ord that became available after the patient had left the
emergency department was not considered for the
evaluation of the PSI. For example, if a blood gas anal-
ysis was in process but the results were not available
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while the patient was present in the emergency de-
partment, the results were not included in the com-
putation of the PSI. If a series of data elements from
the same category was present, only the first mea-
surement, and not the most abnormal measurement,
was considered. For example, if the patient’s initial
systolic blood pressure was 100 mmHg, but subse-
quent measurements fell below the critical value of
the PSI because the patient’s condition worsened, only
the initial value of 100 mmHg was included in cal-
culating the risk score.

During the study period, the emergency department
physician’s interpretation of chest x-rays was not
available, because information from the radiology
database could not be accessed in real time. However,
the emergency department physician’s interpretation
became available for real-time evaluation after the
study period. A current implementation of the PSI
would include the emergency department physician’s
interpretation of chest x-rays; consequently, we in-
cluded the variable ‘‘pleural effusion’’ in the evalua-
tion of the PSI. The principal reason for the emergency
department physicians’ real-time documentation of
their chest x-ray interpretations is to facilitate fast and
successful communication with the radiologists. To
determine whether a pleural effusion was present, we
manually retrieved the emergency department phy-
sician’s chest x-ray findings from the emergency de-
partment physician’s free-text report. Discrepancies
between the emergency department physician’s inter-
pretation of the chest x-ray and that of the radiologist
were not considered, because the radiologist’s inter-
pretation is not available during the patient’s encoun-
ter.

Outcome Measures

The risk class is the clinically relevant measure that
provides the emergency department physician with
objective information about the patient’s risk of mor-
tality. However, for evaluating the impact of data
quality of the CPR on the PSI, we determined the dif-
ferences for both the risk scores and the risk classes,
because an aberrant value might influence the pa-
tient’s risk score without changing the risk class.

We assessed the data quality of the 20 PSI guideline
variables along the two dimensions ‘‘availability’’ and
‘‘concordance.’’ Availability is the proportion of obser-
vations from the reference standard that were actually
recorded in the CPR. Concordance is the proportion of
observations that are identically recorded in the CPR
and the reference standard.

Because the emergency department created different
standard sets of clinical variables that are required to

be collected during a patient’s encounter, we distin-
guished between the availabilities of required and op-
tional PSI variables. The standard sets depend on the
patient’s chief complaint and triage category. The tri-
age category of patients with suspected pneumonia is
commonly ‘‘nonurgent.’’ For nonurgent patients, the
standard set of variables required for computing the
PSI includes age, gender, the current and past history,
the current medication, the systolic blood pressure,
the heart and respiratory rate, and the temperature.
The standard data set covers 12 PSI variables that are
required to be present. The remaining eight PSI vari-
ables are not part of the standard data set and are,
therefore, not required to be collected for every pneu-
monia patient. For example, a blood gas analysis does
not represent an indispensable test for the diagnosis
or management of pneumonia. Accordingly, ‘‘arterial
pH’’ represents an optional PSI variable that is not
required to be collected.

We quantified concordance for all variables of the PSI
except ‘‘pleural effusion,’’ because the data source for
pleural effusion was identical for both the input vari-
able and the reference standard. Concordance was as-
sessed both when an individual patient was the unit
of analysis and when all the variables were consid-
ered as one complete set. To examine the discordant
data elements in more detail, we determined the types
of error and causes of error. To explore the types of
error, we stratified the errors into four categories,
which depend on the data format and the source of
the variables—free text, coded data, laboratory data,
and vital signs. To examine the causes of error, we
stratified the errors into two categories. One category
included errors that were attributable to the emer-
gency department charting process, and one category
contained errors that originated from the computer-
ized evaluation of the PSI algorithm. For example, if
the emergency department nurse did not record that
the patient had congestive heart failure or renal dis-
ease, the omission was categorized as an emergency
department charting error. If the emergency depart-
ment nurse misspelled a term, the error was catego-
rized as a system error due to computerization of the
PSI, because a parsing algorithm should be able to
detect common misspellings. Distinguishing between
different sources of errors means determining
whether the errors are related to the actual comput-
erization of the guideline or to the emergency de-
partment charting process in general. For example, if
emergency department physicians do not document
the presence of a pleural effusion, the resulting error
is unrelated to the computerization of the guideline.
Determining different sources of errors supports fu-
ture efforts to improve the data quality for driving the
PSI guideline.
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F i g u r e 2 Analysis of risk classes. The chart shows pa-
tients’ true risk classes as derived from the reference
standard. For each risk class, the number of patients
with identical risk classes (dark shading) and the num-
ber with different risk classes (light shading) are
graphed. Solid triangles indicate the percentage of pa-
tients assigned to different classes. A different risk class
was derived from the CPR data for 20 patients (13.3
percent). The proportion of misclassification was
greatest in risk class 5.

F i g u r e 3 Analysis of risk scores by risk class. The chart
shows patients’ true risk classes as derived from the ref-
erence standard. For each risk class, the number of pa-
tients with identical risk scores (dark shading) and the
number with different risk scores (light shading) are
graphed. Solid triangles indicate the percentage of pa-
tients assigned to different classes. An identical risk score
was derived from the CPR data for 163 patients (72.1
percent). In risk classes 4 and 5, the proportion of incor-
rect scores was greatest.

Results

In the 17-month study period, 226 of 241 inpatients
met the inclusion criteria. Of the 15 excluded patients,
13 patients had a missing chief complaint, 1 patient
was erroneously admitted to the emergency depart-
ment without being seen by an emergency depart-
ment physician, and 1 patient had both a missing
chief complaint and was admitted erroneously to the
emergency department instead of directly to the ward.
The second chart audit revealed two discrepancies,
when a coexisting disease was missed. The intrarater
agreement for assessment of a patient’s risk score was
92 percent.

The risk class computed for an individual patient
from the CPR and from the Record was identical for
196 patients (86.7 percent). Among the remaining 30
patients (13.3 percent), the CPR-derived risk class was
two risk classes lower for 1 patient (3 percent), one
risk class lower for 22 patients (73 percent), and one
risk class higher for 7 patients (20 percent). For one
patient (3 percent), the CPR-derived risk class was the
same because simultaneous errors (committed and
omitted) equalized the two risk scores and the result-
ing risk classes. Twenty (87 percent) of the 23 patients
with a lower CPR-derived risk class were assigned
risk class 3, 4, or 5. Figure 2 summarizes the overall
misclassification of the CPR-derived risk class strati-
fication.

The risk score obtained from the CPR was identical
for 163 patients (72.1 percent) and different for 63 pa-
tients (27.9 percent). Of the 63 patients with a different
risk score, the score was lower for 50 patients (79 per-
cent), equal for 1 patient (3 percent), and higher for
12 patients (19 percent). For the patient with an equal
risk score, the points attributed to various errors re-
sulted in an equivalent risk score. For patients who
had a false risk score computed, a total of 78 errors
occurred. A single error occurred for 52 patients, two
errors for 8 patients, three errors for 2 patients, and
four errors for 1 patient. Among 63 patients assigned
risk class 3, 4, or 5, errors affected the risk score of 55
(87 percent) and accounted for 70 (90 percent) of all
78 errors. Figure 3 summarizes the overall scoring er-
rors of the CPR stratified by risk class.

Among the 63 patients with a different risk score, a
change of the risk class occurred for 29 (46 percent),
of whom 6 patients had a higher risk class and 23 had
a lower risk class derived from the CPR. For the re-
maining 34 patients, the deviant risk score did not
influence the risk class. Of the 29 patients with a dif-
ferent CPR-derived risk class, 21 patients were in risk
class 4 or 5.

The average availability was 0.991 for the 12 PSI data
elements that were part of the standard data set and
were required to be present. The number of missing
values and the availability for each required variable



62 ARONSKY, HAUG, Assessing Data Quality of a CPR

Table 3 n

Data Availability and Number of Missing Entries
for Pneumonia Severity Index (PSI) Variables of
the Standard Data Set for 226 Patients

Characteristic Missing Values Data Availability

Age 0 1.000
Gender 0 1.000
Current history 1 0.996
Past history 0 1.000
Medication 6 0.973
Heart rate 3 0.987
Respiratory rate 1 0.996
Systolic blood pressure 4 0.982
Temperature 3 0.987

Average 0.991

NOTE: The nine required variables of the standard data set cover
12 data elements of the PSI.

Table 4 n

Data Availability and Number of Missing Entries
for Pneumonia Severity Index (PSI) Variables That
Are Not Part of the Standard Data Set for 226
Patients

Characteristic Missing Values Data Availability

Oxygen saturation 23 0.898
Mental status 37 0.836
Blood urea nitrogen 14 0.938
Sodium 8 0.965
Glucose 14 0.938
Hematocrit 9 0.960
Arterial pH 84 0.628
Pleural effusion 195 0.137

Average 0.788

NOTE: Although the clinical parameters are needed for the eval-
uation of the PSI, the variables are not obtained for every pneu-
monia patient as part of clinical care in the emergency depart-
ment.

F i g u r e 4 Analysis of types of errors and their causes.
The most prevalent type of error occurred in the free-text
category and accounted for 64 percent of all errors. The
laboratory data had the most correct data. The cause of
error was attributed to emergency department nurse
charting (light shading) for 77 percent of errors and to
system errors (dark shading) for the rest.

are shown in Table 3. For the eight variables that were
not part of the standard data set, the average avail-
ability was 0.788 for the 226 patients. The number of
missing values and the data availability are shown in
Table 4. Arterial pH and pleural effusion were the var-
iables with the lowest data availability (0.63 and 0.14,
respectively). Blood gas analysis was not performed
for 84 patients, and the presence of a pleural effusion
was noted for 31 patients. The data availability for the
four optional PSI variables that were results of labo-
ratory tests was 0.94 or higher. Missing data variables
yielded an error in the risk scores of 17 patients (7.5
percent).

The concordance of data variables was assessed with-
out the finding ‘‘pleural effusion.’’ The average con-
cordance for the remaining 19 PSI variables in the 226
patients was 0.982 (4,216 concordant characteristics

divided by the total number of 4,294 characteristics).
For the 19 considered variables, the average number
of concordant variables per patient was 18.65.

Different risk scores originating from the free-text
fields accounted for 50 errors (64 percent), of which
34 were attributed to the emergency department
nurse charting and 16 to the parsing algorithm. The
34 free-text errors occurred because a PSI-relevant co-
existing disease was not charted for 22 patients, and
12 patients were not identified as coming from a nurs-
ing home. The 16 errors caused by an imprecise pars-
ing algorithm were due to misspellings for 3 patients,
an incomplete and imperfect list of query terms for 12
patients, and the misspelling of a phrase that simul-
taneously represented a missing query term for one
patient. Different risk scores caused by errors in the
coded data element (‘‘mental status,’’ ‘‘gender’’) ac-
counted for 16 errors (21 percent), all of which were
ascribed to ‘‘mental status’’ and none to ‘‘gender.’’ All
the errors in coded data were attributed to the emer-
gency department nurse. One pathologic laboratory
finding (1 percent) was missed because the patient
failed outpatient treatment for pneumonia and was
admitted to the hospital the following day with an
abnormal blood urea nitrogen value. Because the pa-
tient’s type of encounter was converted from outpa-
tient to inpatient registration, the abnormal blood
urea nitrogen value was the second measurement for
the patient’s encounter. Among nine patients, there
were 11 errors (14 percent) in the vital signs, of which
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10 were attributable to the emergency department
nurse and one was caused by a rounding error. For
six patients the emergency department nurse did not
chart the oxygen saturation under room air condition,
and for two patients no vital signs were charted,
which accounted for four missing values.

Errors attributable to emergency department nurse
charting accounted for 77 percent of the total, and the
remaining 23 percent were categorized as system er-
rors. Figure 4 summarizes the type and cause of errors
that resulted in a different PSI risk stratification.

Discussion

This study investigated the quality of data routinely
available in the HELP System to drive the PSI guide-
line in real time and to deliver decision support at the
point of care. Although the PSI was developed follow-
ing rigorous methodologic requirements,22,27 the com-
plexity remains high, jeopardizing its dissemination
and implementation. Despite its complexity, the PSI
algorithm fulfills the criteria for a successful comput-
erization, including the presence of clear definitions
of variables and a decidable algorithm.28 However, a
CPR that accommodates the PSI guideline should
meet additional criteria, such as the presence of suf-
ficient and routinely available data and a high level
of data quality.

We analyzed data quality from the clinical perspective
on computerizing the severity index. The clinically
relevant piece of information that is finally presented
to the clinician is the patient’s risk class. An identical
risk class was obtained from the CPR for 86.7 percent
of patients. This result is encouraging, considering
that the paper-based version of the guideline is too
complex to be easily memorized, many data variables
originate from nurse charting, no additional data en-
try was required to achieve this level of data quality,
and information from free-text fields was included.
Presenting the CPR-available PSI information at the
time of decision making enables clinicians to improve
the accuracy of the risk class by correcting errors or
adding missing information.

The availability of the PSI variables included in the
standard data set is sufficiently high to run the re-
spective part of the PSI from the CPR. In one third of
the 18 incomplete records, the emergency department
nurse left the entry for ‘‘current medication’’ empty.
The emergency department nurse is supposed to enter
‘‘none’’ in a free-text field if the patient does not re-
port any pertinent information. A charting practice
that leaves free-text fields blank introduces ambiguity
in the interpretation, because it is not known whether

the patient is actually not taking any medication or
whether the emergency department nurse forgot to
chart the information or even ask the patient for it.

The interpretation of the data availability for the op-
tional PSI variables is difficult because the data were
evaluated retrospectively and were compared with in-
formation in the patient’s record. If the emergency de-
partment physicians choose to apply the PSI guideline
routinely, they would be required to obtain an oxygen
saturation, laboratory data, and a blood gas analysis
for every pneumonia patient who did not fall into the
lowest risk class. In a prospective analysis of the PSI,
we would predict that the data availability of the op-
tional PSI variables would be even higher.

The analysis of the risk score presents a different per-
spective and is a direct result of the data quality. Al-
though the average concordance of 0.98 for variables
that are part of the standard data set appears to be
high, the 78 errors considerably affected the risk
scores. More than one quarter (27.9 percent) of the
CPR-derived risk scores were different and under-
estimated the real risk for most patients. The under-
estimation of the CPR-derived risk score raises a
problem for a computerized implementation. The cal-
culated risk score might translate into a lower risk
class, underestimating the patient’s true risk of mor-
tality. If the risk class is used as an admission crite-
rion,21 risk classes that are too low mean that more
patients are treated as outpatients when they actually
should be admitted to the hospital.

The most frequent errors occurred in the free-text cat-
egory, and the most common cause of these errors was
inaccurate nurse charting. Errors originating from the
free-text fields might be reduced by applying a more
sophisticated parsing algorithm, especially as natural
language processing methods become available and
are incorporated into CPRs. Free-text fields remain
difficult to use in decision support systems. An alter-
native approach to increasing data quality is to try to
encode the terms that appear most frequently in the
free-text fields.

The interpretation of the risk scores, however, must
be viewed in terms of the conservative approach of
the study design. Of the 372 inpatients and outpa-
tients who were diagnosed with pneumonia in the
emergency department during the study period, we
included only the 241 inpatients. In general, patients
admitted to the hospital have more coexisting dis-
eases and more abnormal findings than outpatients.
To evaluate the PSI computerization, we focused on
inpatients only, because outpatients present with few
abnormal findings. The computerized records of in-
patients provide more opportunities for the commis-
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sion of errors in the computerization process than do
the records of outpatients.

It is surprising that all 20 variables needed to compute
the PSI during a patient’s encounter in the emergency
department are available in electronic form which
promotes an automation of the PSI. However, it is im-
portant that all the variables of the PSI or of any other
guideline are present in computable format and do
not require additional data input. The emergency de-
partment is a busy clinical setting for the implemen-
tation of guidelines,4 emphasizing the importance of
complete automation of the PSI.

A limitation of this study is that one author performed
both the CPR evaluation and the review of the pa-
tient’s Record. Ideally, persons blinded to the purpose
of the study would carry out both the CPR evaluation
and the review of Records. We attempted to minimize
observer bias by standardizing the data collection
with a self-coding data sheet and by performing a sec-
ond chart audit of 10 percent of randomly selected
patient Records.

Another limitation concerns the vital signs. For clini-
cal ease, the PSI dichotomizes the continuous values
such as heart rate or oxygen saturation into normal
and abnormal values. Therefore, we determined
whether the actual value was identical not on a con-
tinuous scale but on a dichotomous scale. For exam-
ple, a heart rate value was considered normal even if
a data entry error occurred when the nurse incorrectly
charted the rate at 60 beats/min instead of 80 beats/
min. The majority of data entry errors are impossible
to detect because, in contrast to the nurse charting
notes, the dictated reports do not contain a time stamp
indicating when values were recorded. To resolve dis-
crepancies between a normal value obtained from the
CPR and an abnormal value obtained from the Rec-
ord, the abnormal value was considered the correct
one. We did not quantify data entry errors that may
have occurred when values from both the CPR and
the Record were normal. However, data entry errors
seem not to be an important cause of incorrect data.19

To ease and promote its clinical application, the PSI
was simplified from a logistic regression to a scoring
algorithm. Computerizing the PSI on the basis of the
original logistic regression takes advantage of the
computational power of a clinical information system
and provides a probability and a 95 percent confi-
dence interval. For clinicians, the probability may rep-
resent a more precise and intuitive mortality measure
than the less meaningful PSI risk class.

The computerization of paper-based guidelines is de-
sirable, because it assists health care providers with
easily accessible decision support at the point and the

time of care. The computerized representation of the
validated and clinically useful PSI guideline supports
the implementation and dissemination of the predic-
tion rule. Although the paper-based PSI guideline has
advantageous characteristics for an automation, suc-
cessful clinical implementation depends on the avail-
ability of high-quality data. The level of data quality
should be assessed prior to implementation, because
identification of the sources of errors supports efforts
to improve data capture and provide correct and com-
plete data. Enabling clinicians to review and modify
the data variables used to generate guideline sugges-
tions represents a possible approach to achieving an
accurate risk measure. This approach comes at the
cost of additional data entry, however, and it remains
uncertain whether clinicians are willing to trade ad-
ditional data entry for a higher level of data quality
in the CPR. Demonstrating a high level of data quality
prior to guideline implementation increases the cred-
ibility toward computer-generated guideline recom-
mendations and ensures that clinicians can eliminate
existing inaccuracies in the risk assessment with few
corrections or additions. Only implementation of the
PSI as an integrated computerized decision support
tool will indicate whether the automated recommen-
dations will influence the clinician’s decision making.

The authors thank Wendy Webber Chapman, Nathan C. Dean,
MD, and Charles Lagor, MD, for helpful comments in the prep-
aration of the manuscript.
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